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This study focuses on predicting student academic performance while
emphasizing model interpretability through Explainable Artificial Intelligence
(XAl). The main objective is to identify potential academic risks using
machine learning models and provide transparent explanations for their
decisions. Historical student academic data were used to train and evaluate
two classification models: Random Forest and XGBoost. The results show
that both models exhibit strong predictive performance. Random Forest
achieved an accuracy of 90.77% and a precision of 0.7500 for the risk class,
while XGBoost attained a higher recall of 0.7000 with an accuracy of 89.23%
and a precision of 0.6364. Both models achieved an identical F1-score of
0.6667 for the risk class. The application of XAl methods, namely SHAP
(SHapley Additive exPlanations) and LIME (Local Interpretable Model-
agnostic Explanations), revealed the main features influencing the
predictions. Globally, G2 (previous period’s final grade), failures (number of
failed courses), and absences were identified as the most critical factors.
Local interpretations from SHAP and LIME also clarified individual
predictions, both correct and misclassified. The study contributes to
developing an accurate and transparent decision-support system to enable
more personalized, effective, and data-driven academic interventions.

This is an open-access article under the CC BY-SA license.
BY SA

1. Introduction

A decline in academic performance or even probationary status has become a significant challenge
faced by higher education institutions. Although a large amount of student academic data is available,
its proactive utilization to detect and prevent these risks remains limited. Commonly used analytical
approaches tend to be descriptive, offering neither accurate predictions nor deep interpretation of
individual student conditions. Consequently, early intervention efforts in academic management are
often hindered, even though historical data analysis should ideally serve as a foundation for more

targeted actions.
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With the rapid advancement of technology in machine learning and data analytics, predicting
students’ academic performance has become a widely explored topic. Various classification models
such as Decision Tree, Random Forest, Support Vector Machine (SVM), and Gradient Boosting have
been successfully applied to predict academic outcomes ranging from on-time graduation and
probation status to final grade estimation [1], [2], [3]. Despite their predictive accuracy, these models
often operate as “black boxes,” making them difficult to interpret for end users particularly in higher
education contexts involving non-technical stakeholders such as lecturers, program coordinators, and
university management.

This situation creates an urgent need for systems capable not only of prediction but also of providing
transparent explanations of their predictive results. In this regard, the Explainable Artificial Intelligence
(XAl) approach offers a promising solution by bridging the gap between the complexity of predictive
models and the interpretability required by users [4], [5], [6] [4]. XAl enables machine learning models
to be evaluated not only based on predictive performance but also on transparency and clarity in
decision-making. As a result, analysis outcomes become more trustworthy and effectively support
evidence-based decision making.

Two popular and widely adopted XAl methods are SHAP (SHapley Additive exPlanations) [7] and
LIME (Local Interpretable Model-agnostic Explanations) [8]. SHAP provides interpretation based on
Shapley value theory from game theory by calculating each feature’s contribution to the model output
consistently and additively [9], [10], [11]. Meanwhile, LIME builds a simple local model around the
instance being explained, offering intuitive and human-understandable explanations [11]. Although
these methods have been successfully implemented in various domains such as finance, healthcare,
and e-commerce their optimal application in education, particularly for interpreting models that predict
students’ academic performance, remains relatively limited.

Several studies in Indonesia have attempted to apply SHAP and LIME for explaining classification
model predictions, for instance, in social media sentiment analysis [12], MSME credit feasibility
evaluation, and disease detection [9]. These studies demonstrated that XAl approaches effectively
identify influential features both globally and individually. However, the application of XAl to academic
data, especially for detecting risks such as probation or general performance decline, remains
underexplored and requires further investigation [5], [13], [14], [15].

In higher education, transparency in evaluation and intervention processes is essential. Academic
advisors and program coordinators not only need to know who is at risk but, more importantly, why
those students are predicted to be at risk. Such insights provide a foundation for more personalized
and targeted interventions, such as offering additional academic guidance, adjusting study loads, or
revising learning strategies. Therefore, implementing XAl could be an essential step toward more
efficient and equitable data-driven academic management [2], [4].

Based on this urgency, this study aims to develop a classification model to predict students’
academic risk and explain its predictive outcomes using Explainable Al approaches based on SHAP and
LIME. Using historical student academic data, the model will be evaluated from both predictive
accuracy and interpretability perspectives. Specifically, this study makes three main contributions to
the literature on educational data mining. First, it proposes an integrated framework that combines
ensemble learning algorithms (Random Forest and XGBoost) with Explainable Artificial Intelligence
(XAl) to predict student academic risk, effectively addressing the trade-off between predictive accuracy
and model transparency. Second, unlike previous studies that often focus solely on global feature
importance, this research provides a dual-layer interpretability analysis using SHAP and LIME, allowing
for the identification of risk factors at both the population (global) and individual student (local) levels.
Third, the study demonstrates how these interpretable insights can be translated into actionable
decision support for academic advisors, enabling more personalized and timely interventions for
students identified as "at risk."

2. Literature Review

Machine learning (ML) has been widely used to predict student academic performance, employing
algorithms such as Decision Tree, Random Forest, Support Vector Machine (SVM), and Gradient
Boosting [1], [3], [9], [16], [17], [18]. These models have shown strong predictive capabilities in
identifying students at risk of poor academic outcomes or potential dropout based on historical factors
such as attendance, grades, and demographics. However, many studies prioritize predictive accuracy
over interpretability, leaving the reasoning behind predictions largely inaccessible to educators and
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administrators [2], [19]. This lack of transparency limits the practical adoption of predictive analytics in
educational decision-making, where interpretability is critical for trust and accountability

Explainable Artificial Intelligence (XAl) has emerged as an effective solution to address this “black-
box” issue in complex machine learning models [4], [5], [6]. Among the most prominent XAl methods,
SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-Agnostic Explanations) have
been widely utilized to interpret model predictions in domains such as finance, healthcare, and e-
commerce [7], [8], [9], [10]. SHAP, grounded in cooperative game theory, quantifies each feature’s
contribution to model output, providing consistent and additive explanations across instances [19].

Meanwhile, LIME constructs simplified local surrogate models to generate human-readable,
instance-level explanations [1], [2], [20]. These approaches have significantly enhanced transparency
in automated systems, increasing stakeholder trust in Al-assisted decision-making [3], [4], [5], [16], [20].

In the educational context, applications of XAl remain relatively limited despite its potential
benefits. Several studies have implemented SHAP and LIME to explain predictive models for student
dropout and exam performance, successfully identifying influential features such as previous grades,
attendance, and behavioral patterns [2], [10]. However, most of these works focus primarily on global-
level explanations, providing limited insight into individual student predictions that could inform
personalized interventions, other studies have focused on optimizing algorithmic accuracy or efficiency
while overlooking interpretability, which is essential for practical application in education [7], [10], [12],
[20].

The novelty of this study lies in integrating SHAP and LIME within a classification framework for
predicting academic risk using student performance data [5], [9]. Unlike previous research that
primarily targets prediction accuracy, this study emphasizes both predictive performance and
interpretability. By combining the explanatory power of XAl with machine learning classification
models, this work bridges the gap between accuracy and transparency. This approach enables
educators and administrators to understand why certain predictions occur, supporting responsible Al
adoption and fostering more transparent, equitable, and data-driven decision-making in higher
education [10], [11], [12].

3. Method

This study employed a quantitative computational experiment approach focusing on the development
and interpretation of machine learning—based models for predicting student academic performance using
Explainable Artificial Intelligence (XAl). As illustrated in Figure 1, the research procedure consisted of four
primary stages: data collection and preprocessing, model training and evaluation, implementation of XAl
methods, and visualization of interpretability results [21], [22], [23].
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Figure 1. Research Workflow of the Proposed Academic Risk Prediction Model.
The workflow outlines the major stages of the study, including data preprocessing, model training using
Random Forest and XGBoost, model evaluation, and interpretability analysis with SHAP and LIME.

The data used in this study were obtained from a publicly available academic dataset that was
curated and adjusted to match the higher education context. It contained various attributes, including
gender, age, study program, current semester, daily study habits, scholarship status, class attendance,
previous GPA (SGPA), and current GPA (CGPA). These attributes served as independent variables
contributing to the prediction of academic risk levels. To provide a clearer overview of the dataset
structure, a sample of the records used in this study is presented in Table 1.
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Table 1. Sample of Student Academic Dataset and Attributes

Stud . .
Gender Age Program Semester udy Scholarship Attendance SGPA  CGPA Risk Status

Hours
Female 21 BCSE 2 7 No 100 3.40 3.40 Not at Risk
Male 25 BCSE 13 2 Yes 90 2.40 2.41 At Risk
Male 23 BCSE 8 2 Yes 90 3.94 3.90 Not at Risk
Male 21 BCSE 1 5 Yes 95 3.30 3.30 Not at Risk
Male 20 BCSE 2 4 Yes 85 2.68 3.15 Not at Risk

In this study, academic risk was defined as a condition where a student’s cumulative GPA (CGPA)
fell below 2.50. Consequently, CGPA values were categorized into two target classes: “At Risk” (CGPA <
2.50) and “Not at Risk” (CGPA > 2.50).

Prior to model development, an ETL (Extract, Transform, Load) process was carried out to ensure
data quality. During extraction, the dataset was obtained from Excel or CSV sources. The transformation
stage involved cleaning missing values, encoding categorical attributes (e.g., gender, study program)
using label or one-hot encoding, and applying normalization or standardization where necessary.
Finally, the cleaned data were loaded into a machine learning pipeline for model training. These
preprocessing steps ensured data consistency, reduced bias, and minimized potential errors during
training.

In this study, Random Forest and XGBoost were selected based on their theoretical superiority in
handling structured tabular data compared to single decision trees or deep neural networks.

Random Forest was chosen as a representative of the Bagging (Bootstrap Aggregating) technique.
Theoretically, Random Forest reduces the model's variance by constructing multiple independent
decision trees on different data subsets and averaging their predictions. This characteristic makes it
highly robust against overfitting, which is critical when dealing with educational datasets that often
contain noise from behavioral factors.

Complementing this, XGBoost (Extreme Gradient Boosting) was selected to leverage the Boosting
framework. Unlike Random Forest which builds trees in parallel, XGBoost builds trees sequentially,
where each new tree aims to correct the errors (residual errors) of the previous ones. This approach
effectively reduces the model's bias. Furthermore, XGBoost is theoretically distinct due to its built-in
regularization parameters (L1 and L2), which control model complexity. This feature provides a
significant advantage in handling the class imbalance observed in this study (At Risk vs. Not At Risk),
ensuring that the model does not bias its predictions solely toward the majority class.

Model performance was evaluated using four standard metrics accuracy, precision, recall, and F1
score to provide a balanced assessment of predictive capability, especially considering the class
imbalance in academic risk prediction. This multi-metric evaluation ensured that both the correctness
and sensitivity of the models were adequately represented.

To enhance interpretability, two Explainable Artificial Intelligence (XAl) methods, SHAP (SHapley
Additive exPlanations) and LIME (Local Interpretable Model-Agnostic Explanations), were applied. SHAP
quantified the contribution of each feature to the model’s output based on Shapley values, offering
both global and local interpretability. Meanwhile, LIME provided intuitive, instance-level explanations
by constructing simplified local models. The integration of these methods enabled transparent,
trustworthy predictions, supporting informed academic decision-making.

All computational experiments were performed in Google Colaboratory using Python 3.10 and key
libraries such as scikit-learn, XGBoost, pandas, matplotlib, seaborn, SHAP, and LIME. The cloud-based
environment ensured efficient and reproducible implementation without requiring complex local
configurations.

4. Results and Discussion

4.1 Classification Model Performance Analysis

This section presents the results of the computational experiments conducted to predict students’
academic risk using two well-established machine learning algorithms: Random Forest and XGBoost
Classifier. The evaluation focuses not only on the predictive accuracy of the models but also on their
interpretability through Explainable Artificial Intelligence (XAl).

Both models were trained and evaluated using the prepared academic dataset, with an 80:20 ratio
for training and testing data, respectively. The performance of each model was assessed using four
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metrics: accuracy, precision, recall, and F1-score. The results of this evaluation are summarized in Table
1.

Table 2. Comparison of Classification Model Performance Metrics

Metric Random Forest XGBoost
Accuracy 0.9077 0.8923
Precision (Risk Class) 0.7500 0.6364
Recall (Risk Class) 0.6000 0.7000
F1-Score (Risk Class) 0.6667 0.6667

As shown in Table 1, the Random Forest model achieved an accuracy of 90.77%, slightly higher than
that of XGBoost, which achieved 89.23%. Although both models demonstrated high overall accuracy,
this metric alone may not fully represent performance, especially when dealing with imbalanced
datasets. In academic risk prediction, the number of “at-risk” students (minority class) is often
significantly smaller than the number of “not-at-risk” students (majority class), making metrics such as
precision, recall, and F1-score more informative for evaluating the models.

The Random Forest model obtained a higher precision (0.7500), indicating that when it predicts a
student as “at risk,” three out of four predictions are correct. This shows that the model minimizes false
positives and provides more reliable alerts, avoiding unnecessary interventions for students who are
not actually at risk. In contrast, the XGBoost model demonstrated a higher recall (0.7000), meaning it
was more effective in detecting students who were genuinely at risk. However, this improvement in
recall came at the cost of lower precision (0.6364), resulting in more false-positive predictions.

Both models achieved an identical F1-score of 0.6667 for the at-risk class, suggesting that their
overall balance between precision and recall is comparable. This implies that while Random Forest
performs slightly better in terms of accuracy and precision, XGBoost is more sensitive in identifying
actual at-risk students. The choice between these models, therefore, depends on the institutional
priority whether to minimize false positives (favoring Random Forest) or to maximize early detection of
at-risk students (favoring XGBoost).

The confusion matrices presented in Figure 2 and Figure 3 further illustrate the distribution of
correct and incorrect classifications for each model. The Random Forest model correctly classified 106
students as not at risk (TN) and 12 students as at risk (TP), with 4 false positives (FP) and 8 false
negatives (FN). Similarly, the XGBoost model correctly identified 102 TN and 14 TP, with 8 FP and 6 FN.
These results confirm that both models exhibit complementary strengths: Random Forest is slightly
more precise, while XGBoost provides better sensitivity toward the minority class.

Confusion Matrix (Random Forest):

Confusion Matrix - Random Forest
Confusion Matrix (XGBoost):
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Figure 2. (a) Confusion Matrix of the Random Forest model for academic risk prediction. (b)
Confusion Matrix of the XGBoost model for academic risk prediction.
The matrix displays true and false classifications for at-risk and not-at-risk students in the test dataset.

Predicted Label

4.2 Global Model Interpretation Using SHAP

To understand how each feature contributes to the overall prediction of academic risk, the study
employed the SHAP (SHapley Additive exPlanations) method as part of the Explainable Artificial
Intelligence (XAl) approach. SHAP provides a consistent and theoretically grounded way to interpret
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complex machine learning models by attributing a contribution value, known as the Shapley value, to
each feature for every prediction. These contribution values can be aggregated to reveal how individual
variables influence the model globally across all instances.

In this study, the SHAP Summary Plot was generated to visualize the global importance and direction
of influence of each feature within the XGBoost Classifier, as shown in Figure 4. Due to technical
constraints in the interaction between the SHAP library and the Random Forest configuration within
the computational environment, the visualization for Random Forest could not be generated optimally.
Therefore, the global interpretation focuses on the XGBoost model, which successfully produced
interpretable SHAP visualizations.

SHAP Summary Plot (XGBoost)
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Figure 4. SHAP Summary Plot for the XGBoost model.

The plot illustrates the most influential features contributing to academic risk predictions, where
red points indicate high feature values that increase risk and blue points indicate low feature values
that decrease risk.

The visual analysis in Figure 4 reveals that G2 (Previous Period’s Final Grade) is the most critical
feature, appearing at the top of the importance ranking. As observed in the plot, the x-axis represents
the SHAP value, where positive values indicate a push towards the "At Risk" prediction and negative
values indicate a push towards "Not at Risk." For G2, the red points (representing high grades) are
concentrated on the negative side (left), while the blue points (representing low grades) are on the
positive side (right). This visual pattern confirms that students with higher past grades are strongly
protected against academic risk, whereas those with lower grades are driven closer to the risk
threshold.

Conversely, the features failures (number of failed courses) and absences (number of class
absences) show the opposite pattern. For these features, the red points stretch toward the right side
(positive SHAP values). This explicitly indicates that a higher number of failures and increased
absenteeism are strong contributors pushing the model to classify a student as "At Risk."

Interestingly, behavioral variables such as health (self-reported health status) and goout (frequency
of going out) also demonstrated notable contributions. As shown in the middle section of Figure 4, the
red points for these features tend to cluster on the positive side. This suggests that students who report
poor health conditions (higher value on the scale) or frequent social outings are visually correlated with
an increased likelihood of academic risk. These findings provide valuable insights for educational
institutions, highlighting that student performance is influenced not only by academic history but also
by well-being and lifestyle factors.
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While the SHAP visualization for the Random Forest model could not be presented, the key features
identified by XGBoost were consistent with the built-in feature importance ranking of the Random
Forest model. This consistency reinforces the reliability of the findings and indicates that G2, failures,
and absences are robust predictors of academic risk. The global interpretability offered by SHAP thus
enables a more transparent understanding of the underlying patterns in student performance, which
can be leveraged for early intervention and policy development in academic management.

4.3 Local Model Interpretation Using SHAP Force Plot and LIME

Local interpretation was conducted to provide instance-level explanations for model predictions
using SHAP Force Plot and LIME. These methods help visualize why the model categorized individual
students as “at risk” or “not at risk,” by identifying which features most strongly influenced each
decision.

Representative examples from the test set illustrate typical model behavior. For correctly classified
students (True Positives and True Negatives), both SHAP and LIME confirmed that previous
performance indicators such as G2 (previous term final grade) played a dominant role. High G2 values
consistently pushed the prediction toward “Not at Risk,” while lower G2 values, combined with a higher
number of failures and absences, increased the likelihood of being predicted “At Risk.”

Conversely, in misclassified cases (False Positives and False Negatives), both models exhibited
overreliance on single features such as G2, sometimes ignoring compensating factors like attendance
improvement or health status. For example, several students were incorrectly labeled as “At Risk”
despite showing recent positive academic trends. These findings highlight that, while XGBoost and
Random Forest achieve strong predictive performance, interpretability analysis reveals opportunities
to improve model balance through feature weighting and temporal dynamics.

Figure 5 illustrates a typical LIME explanation for a correctly classified student, where G2 and
absences exerted the largest local impact. Meanwhile, Figure 6 shows a SHAP Force Plot depicting how
both positive and negative feature contributions shaped the final prediction.

LIME Explanation (RF) - Instance 256 (True Y: 1, Pred Y: 1)
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Figure 5. LIME Explanation for Student ID 256 (True Y: 1, Pred Y: 1) by the Random Forest model.
Green bars represent features that support the “At Risk” prediction, while red bars represent
features that support the “Not At Risk” prediction.
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Figure 6. SHAP Force Plot for Student ID 646 (True Y: 1, Pred Y: 0) by the XGBoost model.
Red arrows indicate features pushing the prediction toward “At Risk,” while blue arrows indicate
features pushing toward “Not At Risk.”

Overall, both SHAP and LIME provide consistent and complementary insights. SHAP offers a
mathematically grounded, consistent contribution for each feature, while LIME provides intuitive local
explanations that can be easily interpreted by non-technical stakeholders such as academic advisors
and program coordinators. Together, they enhance transparency, accountability, and trust in the use
of predictive analytics within educational settings.
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4.4 Discussion of Implications and Research Contributions

This study successfully developed and interpreted two classification models Random Forest and
XGBoost Classifier for predicting student academic risk, enhanced through the integration of
Explainable Artificial Intelligence (XAl) methods, namely SHAP and LIME. The results demonstrate that
both algorithms possess strong predictive capabilities, with Random Forest exhibiting higher precision
(0.7500) and XGBoost achieving higher recall (0.7000). These complementary strengths highlight the
trade-off between minimizing false positives and maximizing true risk detection. Ultimately, the choice
of model depends on institutional priorities whether to ensure efficient intervention targeting (favoring
precision) or to avoid missing potential at-risk students (favoring recall).

These findings align with previous studies such as [1]and [17], which also reported that ensemble
learning methods like Random Forest and XGBoost outperform single decision trees in educational data
mining tasks. However, a critical advancement in this study compared to [17] and [18] is the shift from
black-box prediction to transparent decision-making. While prior works primarily prioritized accuracy
metrics (Precision/Recall), this study demonstrates that high predictive performance can be achieved
without sacrificing interpretability. Furthermore, unlike [2] which focused heavily on global
explanations using SHAP, our approach integrates LIME to provide granular, instance-level insights. This
dual-layer interpretation addresses the gap highlighted by [10], ensuring that the model is practically
useful for identifying specific risk factors for individual students, not just general trends.

The primary contribution of this research lies in incorporating XAl to improve the transparency and
interpretability of traditionally black-box machine learning models. The global interpretation using
SHAP Summary Plot consistently identified G2 (Previous Period’s Final Grade), failures (Number of
Failed Courses), and absences (Number of Absences) as the most influential predictors of academic risk.
These findings provide empirical evidence of the critical role of past academic performance and
behavioral engagement in determining student outcomes. The consistency of these features across
both Random Forest and XGBoost models reinforces their robustness as key indicators for early
academic risk detection.

Furthermore, local interpretability through SHAP Force Plot and LIME Explanations confirmed the
models’ ability to justify predictions at the individual level. Correct predictions (True Positive and True
Negative cases) reflected logical relationships between performance indicators and outcomes, while
misclassified cases (False Positive and False Negative) revealed valuable insights into model limitations.
For instance, False Positive cases often resulted from overemphasis on low prior grades despite
subsequent improvement, while False Negative cases occurred when relatively strong historical
performance masked emerging academic decline. These patterns highlight the importance of
continuously refining models and incorporating dynamic or longitudinal data to better capture
academic trajectories.

From a practical perspective, the integration of XAl in academic analytics offers substantial benefits
for data-driven decision-making within higher education. Transparent and interpretable models enable
stakeholders such as academic advisors, program heads, and institutional policymakers—to understand
the rationale behind each prediction. This understanding fosters trust and allows more personalized
interventions, such as targeted academic counseling, workload adjustment, or curriculum
enhancement. By transforming predictive results into actionable insights, educational institutions can
move toward a more proactive and equitable system of academic management.

In summary, this study contributes a methodological framework that bridges predictive accuracy
with interpretability, promoting the responsible adoption of Al technologies in education. By combining
the predictive strength of ensemble learning algorithms with the explanatory power of XAl, this
research demonstrates how machine learning can be used not only to identify students at risk but also
to explain why they are at risk. Such interpretability is essential for ensuring fairness, accountability,
and human-centered decision-making in educational data analytics.

5. Conclusion

This study aimed to analyze and predict student academic performance with a particular focus on
model interpretability through Explainable Artificial Intelligence (XAl). Using historical academic data,
two classification algorithms Random Forest and XGBoost Classifier were developed to identify
students at potential academic risk. The evaluation results revealed that both models demonstrated
strong predictive performance. Random Forest achieved higher precision (0.7500), effectively reducing
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false positives, while XGBoost obtained higher recall (0.7000), allowing for the detection of a larger
proportion of at risk students. Although their strengths differ, both models yielded an identical F1-score
of 0.6667 for the at-risk class, indicating balanced overall performance.

The integration of XAl methods, specifically SHAP and LIME, transformed the black-box nature of
the models into transparent and explainable systems. Global interpretation using SHAP Summary Plot
identified G2 (Previous Period’s Final Grade), failures (Number of Failed Courses), and absences
(Number of Absences) as the most influential predictors of academic risk. Meanwhile, local
interpretation using SHAP Force Plot and LIME Explanations provided deeper insights into individual
predictions, clarifying why certain students were classified as “at risk” or “not at risk.” These findings
not only validate the models’ reasoning but also demonstrate how interpretability can enhance trust
and usability for non-technical stakeholders.

In essence, the study contributes to the development of an academic decision-support framework
that combines predictive accuracy with model transparency. Such systems can empower educational
institutions to make data driven and personalized interventions aimed at improving student outcomes.

Despite these contributions, this study acknowledges several limitations. First, the dataset used is
derived from a specific higher education context, which may limit the direct generalizability of the
findings to other institutions with different student demographics or academic policies. Second, the
current model relies on static historical data, potentially overlooking real-time changes in student
behavior during the semester.

For future work, it is recommended to expand the dataset by including more diverse academic
records from multiple institutions to address the generalizability issue. Additionally, future research
could incorporate temporal or longitudinal data to capture dynamic changes in student behavior over
time. Exploring more advanced ensemble or deep learning techniques—interpreted through XAl—
could also provide richer insights. Finally, practical implementation of the model in real academic
settings should be investigated, including the development of user-friendly dashboards and evaluation
of the impact of XAl-driven interventions on student performance.
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