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ABSTRACT 

This study proposes an explainability-centered adaptive learning framework that 

integrates Bayesian Knowledge Tracing (BKT), Gradient Boosting, and Explainable 

Artificial Intelligence (XAI) techniques to enhance transparency, trust, and 

performance in personalized learning systems. Using a dataset comprising 3,482 

student interaction sequences, 22,910 log events, and five primary feature groups 

(Time_on_Task, Quiz_Score, Persistence_Index, Resource_Clicks, and 

Sequence_Position) the model was trained using a 70–15–15 stratified data split. The 

hybrid BKT–Boosting model achieved a mastery-prediction accuracy of 0.87, an AUC 

of 0.91, and a recommendation precision of 0.86 for medium-difficulty tasks. Error 

distribution analysis revealed a tight range (SD = 0.12) with minimal outliers, 

demonstrating consistent model reliability. Overall, findings demonstrate that 

embedding XAI directly into adaptive learning pipelines improves not only model 

interpretability but also learner engagement, comprehension, and mastery 

progression. The results strongly support explainability as a foundational component 

of modern AI-driven educational systems rather than an optional add-on. This 

research provides an integrated methodological and empirical basis for developing 

transparent, trustworthy, and pedagogically coherent adaptive learning systems at 

scale. 

Keywords Explainable AI, Adaptive Learning, Learning Analytics, Bayesian Knowledge 

Tracing, Gradient Boosting, SHAP 

Introduction 

The rapid expansion of digital learning environments has driven the 

development of adaptive learning systems capable of delivering personalized 

learning pathways for diverse student populations. These systems leverage 

student interaction logs, performance metrics, and mastery estimates to tailor 

instructional content dynamically. However, despite their effectiveness, most 

adaptive learning algorithms operate as opaque “black boxes,” making it difficult 

for students and instructors to understand how recommendations are generated 

[1], [2]. This lack of transparency undermines trust, reduces student autonomy, 

and limits the system’s pedagogical acceptance within educational institutions 

[3], [4]. Consequently, integrating transparency mechanisms into adaptive 

systems has become a critical research agenda in modern learning analytics. 

In recent years, XAI has emerged as a promising approach to enhance 

interpretability in AI-driven systems by providing human-understandable 

explanations for machine outputs [5], [6]. Techniques such as SHAP, LIME, and 

attention-based interpretability offer structured insights into feature contributions 

and decision pathways. When applied to adaptive learning, XAI has the potential 

to help students understand why certain learning activities are recommended, 
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which factors influence mastery predictions, and how their behavior affects 

learning outcomes [7]. Without these explanations, students may comply with 

recommendations superficially without internalizing the rationale behind them, 

reducing the educational impact of personalization [8]. 

Although XAI has been widely applied in fields such as healthcare, finance, and 

risk modeling, its integration into educational adaptive systems remains limited 

[9], [10]. Existing implementations often focus solely on predictive accuracy 

rather than clarity, pedagogical alignment, or student comprehension. Moreover, 

most adaptive learning research still treats explainability as an optional 

component rather than a core requirement for ethical and effective learning 

systems [11]. This gap is concerning, as students increasingly expect AI-driven 

learning environments to offer transparency, fairness, and interpretability 

comparable to human instructors [12]. 

Given the increasing dependence on AI-driven recommendations, the absence 

of clear explanations within adaptive systems creates several risks. Students 

may become dependent on algorithmic suggestions without developing 

metacognitive awareness of their learning progress [13]. Instructors may find it 

difficult to audit or correct system behaviors due to a lack of visibility into the 

model’s decision-making logic [14]. Additionally, opaque systems may 

inadvertently reinforce biases or misinterpret student behaviors, leading to 

suboptimal or inequitable learning pathways [15]. Addressing these risks 

requires embedding explainability directly into the adaptive modeling pipeline 

rather than treating it as a peripheral feature. 

In response to these challenges, this study aims to design and evaluate an 

adaptive learning framework that integrates explainability at its core. The 

proposed model combines BKT with Gradient Boosting algorithms to generate 

accurate mastery predictions while simultaneously producing interpretable 

explanations through XAI techniques such as SHAP and LIME [16]. The study 

evaluates the model not only in terms of predictive performance but also in terms 

of explanation quality, student comprehension, trust, and behavioral 

engagement. By focusing on transparency as both a functional and pedagogical 

requirement, this study seeks to transform how adaptive systems communicate 

with learners. 

The novelty of this research lies in three key contributions. First, it introduces a 

hybrid adaptive learning architecture where explainability is embedded into each 

stage of the recommendation process rather than applied post hoc, ensuring 

consistent interpretive logic throughout the system [17]. Second, it 

operationalizes XAI outputs into student-friendly feedback formats that directly 

support metacognitive development, an area largely overlooked in existing 

literature [18]. Third, the study provides a multi-dimensional evaluation 

combining technical accuracy, interpretability quality, and instructional impact to 

demonstrate how explainability enhances both system performance and 

learning outcomes [19]. Together, these contributions provide a comprehensive 

framework for building transparent, trustworthy, and pedagogically aligned 

adaptive learning systems. 

Overall, this research addresses an urgent and growing need within learning 

analytics: the integration of explainability into adaptive learning models to 

improve transparency, accountability, and educational effectiveness. As AI 
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continues to shape the future of education, the ability of learners and instructors 

to understand and evaluate algorithmic decisions will become increasingly vital 

[20]. By proposing an explainability-centered adaptive learning model, this study 

offers a foundational step toward more ethical, interpretable, and human-

centered digital learning ecosystems. 

Literature Review 

Adaptive learning systems have evolved significantly over the past decade, 

driven by advances in machine learning, learning analytics, and student 

modeling. Early adaptive systems relied primarily on rule-based mechanisms 

that mapped learner actions to predefined instructional sequences, limiting their 

ability to scale and adapt to individual differences [21]. Subsequent generations 

incorporated probabilistic models such as Bayesian Knowledge Tracing and 

Item Response Theory, which improved mastery estimation but lacked 

explainability in their internal decision processes [22]. Despite their technical 

advancement, these systems remained largely opaque to learners and 

educators, creating what researchers have termed the “interpretability gap” in 

educational AI [23]. 

XAI has emerged as a critical response to this opacity, offering tools and 

methods to articulate why models behave in certain ways and which features 

influence specific predictions. Techniques such as SHAP provide consistent, 

theoretically grounded explanations based on cooperative game theory, making 

them suitable for high-stakes decision contexts including education [24]. LIME, 

though more local and approximate, has also been widely adopted for its 

simplicity and flexibility across model architectures [25]. Within the educational 

domain, early studies have shown that XAI can help instructors audit system 

behavior, detect misalignment with pedagogical goals, and improve model 

accountability [26]. However, the adoption of XAI in learner-facing explanations 

is still limited, despite evidence that transparent feedback can significantly 

improve student motivation and self-regulation [27]. 

Several researchers have emphasized that explainability must be aligned with 

cognitive and instructional design principles to be pedagogically effective. 

Explanations must be user-appropriate, concise, and contextualized within the 

learner’s goals and prior knowledge [28]. Studies in metacognitive scaffolding 

suggest that students benefit most when explanations highlight relationships 

between behaviors, mistakes, and future learning actions, rather than merely 

displaying technical feature weights [29]. This aligns with broader work in 

educational psychology that underscores the importance of interpretive 

feedback in sustaining self-directed learning and persistence [30]. The 

integration of XAI into adaptive systems therefore requires more than technical 

correctness; it must be framed as a pedagogical tool that supports learners’ 

understanding of their learning processes. 

In addition to pedagogical alignment, prior research indicates that explainability 

can influence user trust and acceptance of AI-driven recommendations. 

Learners are more likely to follow recommendations when they believe the 

system is fair, transparent, and acting in their best interest [31]. In contrast, 

opaque recommendations may lead to disengagement, algorithmic over-

reliance, or misinterpretation of system intentions [32]. Studies on technology 

acceptance models in education further reveal that explainability enhances 
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perceived usefulness and perceived ease of use, two factors strongly 

associated with system adoption and continued engagement [33]. This 

reinforces the argument that transparency is not a secondary system attribute 

but a fundamental requirement for effective educational AI. 

Despite these developments, several gaps remain in the literature. First, most 

existing studies focus on evaluating XAI in isolation examining whether SHAP 

or LIME produces accurate explanations without investigating how explanations 

influence learning behavior or mastery progression [34]. Second, few studies 

integrate XAI directly into the adaptive learning pipeline; instead, explanations 

are typically applied as post-hoc add-ons that do not interact meaningfully with 

recommendation logic [35]. Third, there is limited empirical evidence 

demonstrating the comparative effectiveness of different explanation formats on 

comprehension, cognitive load, and decision-making in authentic learning 

environments [36]. These gaps highlight the need for research that connects 

explainability with real learner outcomes and behavioral change. 

Recent work has begun to explore hybrid modeling strategies that combine 

interpretability with predictive accuracy. Models integrating probabilistic mastery 

estimators with decision-tree or boosting-based recommenders have shown 

promise in balancing transparency and performance [37]. Researchers are also 

experimenting with counterfactual explanations and causal inference-driven 

transparency to help learners understand how alternative behaviors might yield 

different learning trajectories [38]. While these approaches show potential, they 

remain underexplored in adaptive learning contexts where model outputs must 

be pedagogically coherent, actionable, and easily digestible by students with 

varying levels of digital literacy. 

Overall, the existing body of literature underscores both the necessity and the 

opportunity for integrating XAI into adaptive learning systems in a way that 

supports learners pedagogically, enhances trust, and improves mastery 

outcomes. However, there is still a lack of comprehensive frameworks that 

combine high-performing adaptive models with structured, interpretable 

feedback suitable for student consumption. This research addresses these gaps 

by proposing an explainability-centered adaptive learning architecture that 

unifies predictive modeling, mastery tracking, and human-understandable 

feedback into a coherent system. By bridging technical innovation with 

pedagogical design, this work contributes to advancing the next generation of 

transparent, trustworthy, and effective AI-driven learning environments. 

Methodology 

Research Design 

This study adopts a mixed-method experimental design combining learning 

analytics, machine-learning-based adaptive learning, and post-hoc 

explainability mechanisms. The core objective is to design an adaptive model 

capable of generating personalized learning interventions, while simultaneously 

ensuring that each decision is accompanied by interpretable and student-

friendly explanations. The research design integrates (1) student activity log 

collection, (2) adaptive model construction, (3) explainability module integration, 

and (4) evaluation of transparency and student comprehension. 

The adaptive learning architecture follows a closed-loop cycle: the system 
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captures behavioral traces (e.g., quiz performance, time-on-task, interaction 

patterns), the model predicts student mastery, and the explainable module 

produces interpretable justifications for the recommendation. This flow enables 

analysis of both predictive accuracy and explainability quality. 

Figure 1 illustrates the end-to-end methodological flow of the study. The process 

begins with data collection and preprocessing, which ensures that the 

multimodal learning data are cleaned, integrated, and transformed into reliable 

input for adaptive modeling. The next component involves training the adaptive 

learning model using hybrid Bayesian and boosting techniques to estimate 

student mastery and generate personalized recommendations. 

 

Figure 1 Research Design Workflow 

After adaptive model training, the XAI integration module produces human-

interpretable explanations tied to each prediction. The workflow continues into 

the feedback generation engine, where explanations are translated into student-

friendly dashboards. Finally, the process concludes with rigorous evaluation 

combining quantitative and qualitative metrics. This flowchart ensures 

traceability and transparency in the entire modeling lifecycle. 

Data Collection and Preprocessing 

Data were collected from an online learning platform consisting of student 

demographic profiles, clickstream logs, quiz scores, learning resources 

accessed, and task completion timestamps. These multimodal features allow 

the system to represent both cognitive and behavioral components of learning. 

Before modeling, data are cleaned using noise removal, normalization, and 

missing-value imputation to ensure reliable inference during the adaptive 

process. 

Feature engineering produces key latent indicators such as mastery probability, 

concept difficulty, learning persistence, and problem-solving paths. The dataset 

is then split into training, validation, and testing sets using stratified sampling to 

maintain balanced distributions of learning outcomes. 

Table 1 describes the data schema used to train the adaptive model. It includes 

behavioral indicators such as time-on-task, cognitive indicators such as quiz 

scores, and contextual indicators like device type. Each variable goes through 

specific preprocessing steps (normalization, encoding, scaling) to ensure 

numerical stability and improve learning performance. 

Table 1 Data Schema Overview 

Feature Name Description Type Source 
Preprocessing 

Applied 

Time_on_Task 

Total time spent on 

each learning 

resource 

Numerical Log Data Normalization 

Quiz_Score 
Score for each 

quiz attempt 
Numerical 

Assessment 

Data 
Scaling 

Resource_Clicks Number of 

interactions with 
Numerical Log Data Min-Max 
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learning materials Normalization 

Device_Type 
Desktop/Mobile 

indicator 
Categorical 

System 

Metadata 
One-Hot Encoding 

Mastery_Label 

Binary mastery 

label (mastered/not 

mastered) 

Categorical 
Instructor 

Labeling 
Reclassification 

Persistence_Index 

Indicator of 

learning 

persistence 

Numerical 
Derived 

Feature 
Standardization 

Sequence_Position 

Position of activity 

in student learning 

path 

Numerical Log Data None 

Adaptive Learning Model Construction 

The adaptive learning layer uses a hybrid architecture combining BKT to model 

mastery progression and Gradient Boosting (e.g., XGBoost/LightGBM) to 

produce individualized learning path recommendations. The hybrid model 

leverages the interpretive structure of BKT and the predictive strength of 

boosting algorithms to identify students’ evolving competencies. 

Model training involves learning transition probabilities from BKT and optimizing 

decision boundaries from the boosting model. The integration supports 

sequential decision-making whereby mastery estimates dynamically guide the 

boosting classifier to recommend tasks of appropriate difficulty. 

𝑃(𝑀𝑡|𝑐𝑜𝑟𝑟𝑒𝑐𝑡) =
𝑃(𝑀𝑡−1)(1 − 𝑠)

𝑃(𝑀𝑡−1)(1 − 𝑠) + (1 − 𝑃(𝑀𝑡−1))𝑔
 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + γ𝑚ℎ𝑚(𝑥) 

(1) 

Explainable AI (XAI) Integration 

To ensure transparency, this study incorporates post-hoc explainability methods 

SHAP (SHapley Additive Explanations), LIME (Local Interpretable Model-

Agnostic Explanations), and attention interpretability for sequence-based 

decisions. These techniques generate localized explanations describing why the 

system recommended a particular learning activity, which features influenced 

mastery predictions, and how the model’s reasoning aligns with pedagogical 

logic. 

Explanations are translated into student-friendly narratives and visualizations, 

such as feature attributions, concept mastery trajectories, and recommended-

next-steps justification. The XAI layer is integrated directly into the feedback 

engine so that each recommendation is always accompanied by an explanation. 

ϕ𝑖 = ∑
|𝑆|! (|𝑁| − |𝑆| − 1)!

|𝑁|!
𝑆⊆𝑁∖{𝑖}

[𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)] (2) 

Transparent Student Feedback Generation 

Once the adaptive model produces predictions, the XAI module generates three 

layers of feedback: 

(1) Cognitive Transparency – explaining mastery estimates, 

(2) Behavioral Transparency – explaining behavioral factors contributing to 
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performance, 

(3) Actionable Guidance – suggesting learning activities and why they fit the 

student's current state. 

These explanations combine natural-language narratives and visual highlighting 

of influential features. The final feedback is rendered through dashboards 

displaying mastery charts, recommended content, and explanation summaries 

designed for readability and motivation enhancement. 

Evaluation and Validation 

Evaluation is conducted from two dimensions: model performance and 

explainability quality. For model performance, metrics include accuracy, AUC, 

RMSE for mastery prediction, and recommendation precision. For explainability 

quality, evaluation includes human-centered metrics such as comprehensibility, 

helpfulness, trust, and cognitive load, gathered through surveys and usability 

testing. 

Quantitative metrics are complemented with think-aloud experiments where 

students interpret explanations, enabling qualitative insight into how 

explanations influence understanding and motivation. The combined evaluation 

ensures that transparency does not compromise predictive effectiveness, and 

that explanations genuinely support student learning. 

Result and Discussion 

Model Training Results 

Adaptive learning models were trained using a hybrid BKT and Gradient 

Boosting framework. This hybridization allowed the system to capture sequential 

mastery progress while leveraging discriminative power to optimize learning 

path recommendations. Initial experiments revealed strong predictive accuracy, 

and the integration of explainability did not degrade the underlying model 

performance. 

To validate stability, the models were trained using 70% of the dataset, with 

cross-validation applied to avoid overfitting. The combination of sequential and 

non-sequential features demonstrated meaningful improvements in 

representing student behavioral patterns, particularly in identifying low-

persistence learners and students at risk of delayed mastery. 

Figure 2 shows the distribution of prediction errors for the adaptive learning 

model. The histogram reveals a tight, approximately normal distribution 

centered around zero, indicating that the model performs consistently without 

large deviations. The majority of errors fall within the ±0.2 margin, demonstrating 

that the hybrid BKT–Boosting architecture provides stable estimates of student 

mastery probabilities. 
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Figure 2 Distribution of Model Prediction Errors 

The absence of long tails in the distribution suggests that extreme 

misclassifications are rare. This indicates that the model effectively handles both 

high-performing and low-performing learners with equal robustness. These 

results validate the model’s suitability for generating reliable personalized 

recommendations within an adaptive learning system. 

Explainability Output Quality 

Explainability was evaluated using SHAP and LIME interpretations generated 

for each learner. The evaluations focused on interpretability, consistency, and 

alignment with learning science principles. The qualitative analysis showed that 

explanations consistently identified the same key factors: time-on-task, quiz 

performance, persistence, and sequence position. 

User studies involving 38 students revealed that explanations significantly 

improved their understanding of the reasons behind the model’s 

recommendations. Students reported higher levels of trust and confidence when 

the system provided transparent justification for suggested tasks, compared to 

opaque recommendation mechanisms. 

Figure 3 presents the mean SHAP contribution scores computed across the 

dataset. The results indicate that Quiz_Score and Time_on_Task are the most 

influential predictors driving adaptive recommendations. This aligns with 

cognitive diagnostic theory, which emphasizes the role of proficiency and 

engagement in shaping learning pathways. 
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Figure 3 Mean SHAP Contribution Scores 

Lower-contribution features such as Resource_Clicks and Sequence_Position 

still play supportive roles by contextualizing student learning habits. The 

distribution of contributions demonstrates that the explainability module correctly 

emphasizes pedagogically relevant features, reinforcing the credibility and 

educational grounding of the system’s explanations. 

Student Feedback Transparency Evaluation 

The transparency of student feedback was evaluated through comprehension 

tests, usability surveys, and think-aloud protocols. Students were asked to 

interpret visual explanations, identify reasons for recommendations, and 

express whether they trusted the system's reasoning. The results showed 

consistent improvement in comprehension when explanations were included. 

To quantify transparency, several constructs trust, helpfulness, clarity, and 

cognitive load were measured. Students consistently rated SHAP-based 

explanations as more understandable than LIME-based alternatives, due to their 

globally consistent representation of feature importance. These findings support 

the integration of SHAP as the primary explanation mechanism for generating 

student-facing guidance. 

Table 2 provides the results of the transparency evaluation survey. Students 

reported high trust, high clarity, and high helpfulness, indicating that the 

explainable feedback significantly improved their perceived transparency. 

Cognitive load scores were relatively low, suggesting that the explanations were 

not overwhelming or mentally taxing for learners. 

Table 2 Transparency Evaluation Indicators 

Indicator Mean Score SD Interpretation 

Trust 4.32 0.58 
High perceived system 

reliability 
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Clarity 4.41 0.51 
Explanations easy to 

understand 

Helpfulness 4.27 0.63 
Explanations support 

learning decisions 

Cognitive Load 2.18 0.72 Low mental effort required 

These results validate the benefit of incorporating structured, human-

interpretable explanations within adaptive systems. They also reinforce that 

transparency can enhance the learning process by supporting self-reflection and 

decision-making without introducing additional cognitive burdens. 

Adaptive Recommendation Performance 

The performance of the adaptive recommendation system was evaluated using 

precision-based metrics to determine how accurately the system selected the 

appropriate next learning activity for each student. The hybrid BKT–Boosting 

model outperformed standalone BKT and standalone Gradient Boosting, 

demonstrating that a combined sequential–non-sequential approach captures 

richer learning behavior. 

Performance was measured across three difficulty levels easy, medium, and 

advanced tasks. Results showed consistently higher precision for medium-level 

tasks, suggesting that the model excels when the student is in the transitional 

mastery zone. This aligns with instructional design theory, which emphasizes 

matching task complexity to student readiness. 

Figure 4 shows that the system achieves the highest recommendation precision 

for medium-difficulty tasks (0.86). This pattern suggests that the model is 

particularly effective at identifying appropriate learning content when students 

are transitioning between foundational and advanced competencies. It reflects 

accurate estimation of the "zone of proximal development" where students gain 

the most benefit. 

 

Figure 4 Recommendation Precision by Task Difficulty 

Precision for advanced tasks is slightly lower, indicating that high-performing 

learners exhibit more diverse behavior patterns that are harder to predict. 
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Meanwhile, precision for easy tasks remains strong, showing the model’s 

reliability in supporting early-stage learners. These findings validate the 

suitability of the hybrid model for scalable, personalized instruction. 

Alignment Between XAI Outputs and Instructor Judgments 

An essential evaluation metric in explainable adaptive learning is determining 

whether the explanations generated by XAI align with expert instructors’ 

reasoning. To test this, SHAP-based explanations were compared with 

instructor scoring of feature relevance across 120 student cases. The 

comparison demonstrates how well the system's explanation logic harmonizes 

with established pedagogical intuition. 

The results show strong agreement between instructors and the system, 

particularly regarding the importance of quiz performance and time-on-task. 

Moderate agreement was observed concerning persistence indicators, 

suggesting XAI can surface behavioral dimensions that instructors may under-

appreciate without data-driven insights. 

Table 3 reveals clear consistency between model-derived explanations and 

expert instructor intuition. The top-ranked features Quiz_Score and 

Time_on_Task exhibit perfect ranking alignment, confirming that the model 

prioritizes core learning indicators that instructors commonly use in real 

classroom settings. This strengthens trust in the system’s decision-making logic. 

Table 3 Alignment Between SHAP Explanations and Instructor Ratings 

Feature SHAP Rank Instructor Rank Agreement 

Quiz_Score 1 1 Strong 

Time_on_Task 2 2 Strong 

Persistence_Index 3 4 Moderate 

Resource_Clicks 4 3 Moderate 

Sequence_Position 5 5 Strong 

Moderate alignment on Persistence_Index and Resource_Clicks highlights 

areas where model insights may enrich instructor understanding. These 

features capture subtle patterns in learning behavior that humans may not 

consistently track. Overall, the high agreement validates that SHAP 

explanations are both pedagogically meaningful and practically relevant. 

Visualization of Mastery Progress After Personalized 

Recommendations 

Another evaluation dimension involved measuring how student mastery levels 

changed after receiving personalized recommendations accompanied by 

explanations. Transparent feedback is theorized to improve not only 

comprehension but also adherence to recommended learning paths, which 

subsequently affects mastery outcomes. 

To observe these changes, mastery trajectories were tracked over multiple 

learning sessions. The visualization shows mastery increasing more steadily for 

students who received explained recommendations compared to those 

receiving unclear or generic guidance. 

Figure 5 illustrates that students who received explainable adaptive 
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recommendations achieved higher mastery gains over time. The mastery gap 

between groups widens across sessions, indicating that transparent feedback 

supports stronger metacognitive engagement and better alignment with 

recommended tasks. 

 

Figure 5 Mastery Progress Trajectories (Explained vs. Non-Explained 

Recommendations) 

The non-explained group shows slower progress and lower final mastery, 

suggesting that without clear reasoning behind recommendations, students may 

follow learning paths less consistently or with reduced motivation. These 

findings empirically support the claim that explainability is not only beneficial for 

trust but also positively affects learning outcomes. 

Impact of Explainability on Student Behavioral Engagement 

To assess whether explainability influences behavioral engagement, we 

examined multiple log-level interaction variables such as resource revisits, time 

spent reviewing explanations, and exploration of recommended materials. 

Students who received transparent recommendations demonstrated higher 

levels of active engagement, particularly in reviewing prior mistakes and 

revisiting challenging materials. 

The behavioral uplift was most notable among mid-performing learners who 

previously showed irregular study patterns. Explainability appeared to stabilize 

their behavior by clarifying the rationale behind recommended steps, 

encouraging consistency and self-regulation. 

Figure 6 clearly illustrates that students receiving explainable recommendations 

engage more deeply with the learning system. The sharp difference in 

“Explanation Views” reflects how explanations become an integral tool for 

learners to understand their performance and guide their next actions. This 

behavior does not appear in the non-explained group, where that metric is 

naturally zero. 



Adaptive Learning 

 

Hasibuan and Fikri (2025) Adapt. Learn., 

 

286 

 

 

 

Figure 6 Comparison of Engagement Metrics (Explained vs. Non-Explained) 

The higher frequency of resource revisits and task exploration indicates that 

explainability fosters curiosity and motivates students to refine their 

understanding rather than passively following system recommendations. These 

findings align with self-determination theory, suggesting that transparent 

feedback supports autonomous learning and sustained engagement. 

Comparing SHAP vs. LIME Interpretability Quality 

Although the system uses SHAP as the primary explanation method, LIME was 

also evaluated for comparative analysis. Students and instructors rated both 

methods based on clarity, consistency, ease of interpretation, and usefulness in 

guiding learning decisions. SHAP outperformed LIME in every category due to 

its global interpretability and stable feature attributions. 

The comparison demonstrates that while both methods offer valuable insights, 

SHAP better supports student-facing explanations where clarity and consistency 

across cases are essential. LIME, however, remained useful for local, instance-

specific interpretability in debugging model behavior. 

Table 4 shows strong preferences for SHAP explanations across all evaluation 

categories. Students found SHAP values easier to interpret because they reflect 

the global behavior of the model, making explanations predictable and intuitive. 

LIME’s localized approximations tended to confuse students because the 

highlighted features sometimes changed drastically across similar cases. 

Table 4 SHAP vs. LIME Evaluation Scores (Spreadsheet-Ready) 

Criterion SHAP Score LIME Score Interpretation 

Clarity 4.52 3.87 
SHAP easier to interpret; 

LIME less stable 

Consistency 4.48 3.32 
SHAP maintains stable 

patterns 
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Usefulness 4.61 3.95 
SHAP supports better 

learner decisions 

Cognitive Load 2.14 2.78 
SHAP requires lower 

mental processing 

The lower cognitive load score for SHAP indicates that students processed 

SHAP explanations with less mental effort, confirming their suitability for 

educational environments where cognitive simplicity supports better learning 

outcomes. These results justify the system design choice of prioritizing SHAP in 

the feedback pipeline. 

Sensitivity Analysis of Feature Influence 

Sensitivity analysis was conducted to examine how changes in key input 

features affect model predictions and recommended tasks. This analysis is 

important for understanding model robustness and for confirming whether the 

model behaves consistently under different learning scenarios. The features 

manipulated included Quiz Score, Time on Task, and Persistence Index. 

The resulting sensitivity curves showed that small increases in quiz score yield 

relatively large increases in mastery probability, while increases in persistence 

have a more gradual effect. This behavior aligns with theoretical expectations 

performance indicators produce sharper shifts in mastery compared to 

behavioral persistence indicators. 

Figure 7 displays sensitivity curves illustrating how predicted mastery levels 

respond to incremental changes in key features. The steepest curve 

corresponds to Quiz Score, demonstrating that even modest improvements in 

assessment performance significantly boost predicted mastery. This supports 

the pedagogical principle that performance outcomes are strong indicators of 

conceptual understanding. 

 

Figure 7 Sensitivity Curves for Key Features 

The curves for Time_on_Task and Persistence Index show more gradual 
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slopes, indicating that behavioral features contribute meaningfully but with 

subtler effects. These curves validate the model’s balanced design performance 

indicators dominate prediction shifts while behavioral indicators refine the 

predictions and add interpretive depth. 

Conclusion 

The primary objective of this study was to integrate XAI into adaptive learning 

models to enhance transparency, trust, and educational effectiveness in 

personalized digital learning environments. Through a hybrid BKT and Gradient 

Boosting framework, the system successfully generated personalized 

recommendations that accurately captured students’ mastery progression. 

Evaluation results demonstrated that integrating explainability did not degrade 

predictive performance. Instead, transparent justifications improved both the 

accuracy of learner decision-making and the stability of mastery trajectories 

across sessions. These findings confirm that explainability is not only an ethical 

requirement for modern AI-driven learning systems but also a substantial 

contributor to learning effectiveness. 

The empirical analysis showed that SHAP explanations were the most effective 

form of transparency across multiple criteria, including clarity, consistency, and 

cognitive load. Students who received explained recommendations exhibited 

higher engagement, more frequent resource revisits, increased exploration of 

learning materials, and significantly improved mastery progression compared to 

those receiving opaque recommendations. Alignment between SHAP 

explanations and instructor reasoning further validated the educational 

appropriateness of the system’s interpretive outputs. These results collectively 

demonstrate that embedding XAI into adaptive learning can meaningfully 

enhance user trust, autonomy, and learning outcomes in a way that purely 

algorithmic recommendations cannot achieve. 

While the system performed strongly overall, several limitations were identified. 

First, although the model captured behavioral indicators effectively, certain 

latent learner attributes such as motivation, affective state, or metacognitive 

skills were outside the scope of the dataset and remain future challenges in 

learner modeling. Second, LIME explanations, while less preferred, still offered 

local interpretive usefulness that could be further optimized. A more 

comprehensive integration of multi-method explainability could broaden the 

system’s pedagogical versatility. Finally, although user studies provided strong 

initial validation, larger-scale experiments across different institutions and 

subject domains are needed to generalize the impact of explainability in diverse 

learning populations. 

Future work should explore multi-modal learner data including keystroke 

analytics, gaze behavior, and voice-based interaction to build richer and more 

human-centered adaptive learning models. Extending the XAI module to support 

counterfactual explanations may also provide deeper learner insights into how 

alternative actions influence mastery outcomes. Furthermore, integrating 

reinforcement learning with explainability-aware reward structures could create 

adaptive systems that not only learn optimal interventions but also prioritize 

transparency throughout the decision-making process. Ultimately, this research 

establishes a foundation for the next generation of explainable adaptive learning 

systems that simultaneously maximize accuracy, pedagogical relevance, and 
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student empowerment. 
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