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ARTICLE INFO ABSTRACT

Article history: Student dropout remains one of the major challenges faced by higher
education institutions because it negatively affects academic performance,
institutional reputation, and educational sustainability. Early identification
of students at risk of dropping out enables universities to implement timely
interventions that improve student retention. Although machine learning
models have demonstrated promising predictive performance, many of
these approaches operate as black-box systems, limiting their transparency
and practical adoption in educational decision-making. Therefore, this
study proposes an Explainable Artificial Intelligence (XAl)-Based Early
Warning System for student dropout prediction by integrating the
XGBoost classification algorithm with SHapley Additive exPlanations
(SHAP). The proposed framework consists of six stages: data collection,
data preprocessing, feature engineering, machine learning model
development, explainability analysis, and performance evaluation. To
demonstrate the proposed methodology, a synthetic dataset representing
higher education student records was utilized. The simulated experimental
results showed that the proposed model achieved an Accuracy of 89.5%,
Precision of 84.0%, Recall of 82.0%, F1-Score of 83.0%, and an ROC-
AUC of 0.93. Furthermore, SHAP analysis identified Grade Point
Average (GPA), Attendance Rate, Previous Semester GPA, Financial
Status, and Learning Management System (LMS) activity as the most
influential factors affecting student dropout prediction. By combining
high predictive performance with interpretable explanations, the proposed
Early Warning System provides transparent decision support for lecturers
and academic advisors, facilitating data-driven interventions aimed at
improving student retention in higher education institutions.
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1. INTRODUCTION

Student dropout has become one of the most significant challenges faced by educational institutions worldwide,
as it directly affects academic quality, institutional performance, and national educational development[1], [2], [3].
Students who discontinue their studies before completing their academic programs not only experience personal and
financial losses but also contribute to reduced institutional graduation rates and educational efficiency[4], [5]. Higher
dropout rates may indicate ineffective academic support systems, insufficient learning engagement, and the inability of
institutions to identify students who are at risk at an early stage[6], [7]. Consequently, universities increasingly require
intelligent analytical tools capable of predicting potential dropouts before students decide to leave their studies.

The rapid advancement of Artificial Intelligence (Al) and Educational Data Mining (EDM) has transformed the
way educational data are analyzed to support academic decision-making. Educational institutions continuously generate
large volumes of student-related data, including academic achievement, attendance records, learning behavior,
demographic characteristics, and online learning activities. These data provide valuable information for identifying
patterns associated with student success and failure. Machine learning techniques have demonstrated remarkable
capabilities in discovering hidden relationships within educational datasets, enabling institutions to predict academic
outcomes with high accuracy while supporting evidence-based interventions[8].

Numerous machine learning algorithms have been applied to student dropout prediction, including Decision Tree,
Support Vector Machine (SVM), Logistic Regression, Artificial Neural Network, Naive Bayes, Random Forest,
XGBoost, and CatBoost. Ensemble learning algorithms, particularly Random Forest and gradient boosting methods,
generally outperform traditional classification techniques due to their ability to model complex nonlinear relationships
while reducing overfitting. Although these models often achieve high predictive accuracy, they are commonly regarded
as "black-box™ models because their internal decision-making processes are difficult for educators and policymakers to
interpret. This lack of transparency limits their practical adoption in educational environments where accountability and
trust are essential.

In recent years, Explainable Artificial Intelligence (XAI) has emerged as an important research area that addresses
the interpretability limitations of conventional machine learning models[9]. Rather than providing only prediction results,
XAl enables researchers and stakeholders to understand why a model classifies a particular student as being at risk of
dropping out. Among various explainability techniques, SHapley Additive exPlanations (SHAP) has gained widespread
recognition due to its theoretical foundation in cooperative game theory and its capability to quantify the contribution of
each feature toward individual predictions. SHAP provides both global and local explanations, allowing institutions to
identify the most influential factors contributing to student dropout risk.

The integration of Explainable Artificial Intelligence with an Early Warning System (EWS) offers significant
opportunities for educational institutions to improve student retention strategies[10], [11]. An Early Warning System
continuously monitors student data and identifies individuals who require timely academic support before serious learning
problems occur. Instead of relying solely on manual evaluation or subjective judgment, Al-driven early warning systems
can provide data-driven recommendations that enable lecturers, academic advisors, and institutional leaders to implement
targeted interventions based on objective evidence[12], [13]. Furthermore, explainable prediction results enhance
stakeholder confidence and facilitate transparent decision-making.

Despite the growing number of studies on student dropout prediction, several research gaps remain. First, many
previous studies primarily emphasize prediction accuracy while paying limited attention to model interpretability. Second,
black-box prediction models often fail to provide understandable explanations for educational practitioners, reducing their
usefulness in real-world academic environments[14], [15]. Third, only a limited number of studies integrate Explainable
Acrtificial Intelligence into comprehensive Early Warning Systems capable of simultaneously delivering accurate
predictions and interpretable decision support for institutional stakeholders. These limitations indicate the need for
research that combines predictive performance with explainability to support more transparent educational analytics.

To address these challenges, this study proposes an Explainable Artificial Intelligence-Based Early Warning
System for Student Dropout Prediction using an ensemble machine learning approach integrated with SHAP
explainability analysis. The proposed framework aims not only to classify students according to their dropout risk but
also to identify the key factors influencing each prediction, thereby providing transparent and actionable information for
academic decision-makers. By combining predictive analytics with explainable artificial intelligence, the proposed system
is expected to assist educational institutions in implementing timely interventions, improving student retention, and
supporting evidence-based academic management.

The main contributions of this research are threefold. First, this study develops an Al-based Early Warning System
capable of identifying students at risk of dropping out before academic failure occurs. Second, the proposed framework
incorporates Explainable Artificial Intelligence through SHAP analysis to improve the transparency and interpretability
of machine learning predictions. Third, the research provides practical insights into the most influential factors affecting
student dropout, enabling educational institutions to design more effective intervention strategies based on explainable
evidence rather than solely relying on prediction accuracy.
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2. RESEARCH METHODOLOGY

2.1 Research Framework

This study proposes an Explainable Artificial Intelligence (XAl)-Based Early Warning System to predict
students who are at risk of dropping out. The proposed framework consists of six sequential phases, namely data
collection, data preprocessing, feature engineering, machine learning model development, explainability analysis, and
performance evaluation. These stages are designed to ensure that the developed prediction model not only achieves high
predictive performance but also provides interpretable results that can support academic decision-making.

The first phase involves collecting student academic records from the institutional academic information system.
The collected data include demographic information, academic achievement, attendance records, financial status, and
learning activities. These variables are selected because previous studies have shown that they significantly influence
student retention and dropout behavior.

After data collection, the dataset undergoes preprocessing to improve data quality. Missing values are handled
through imputation techniques, duplicate records are removed, categorical attributes are encoded into numerical
representations, and numerical variables are normalized. To overcome class imbalance between dropout and non-dropout
students, the Synthetic Minority Over-sampling Technique (SMOTE) is applied before model training.

The processed dataset is then divided into training and testing subsets. An ensemble machine learning model is
developed to classify students according to their dropout risk. Finally, SHAP (SHapley Additive exPlanations) is
integrated into the prediction model to identify the contribution of each feature toward prediction outcomes, allowing
educational stakeholders to understand why a student is categorized as being at risk.
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Figure 1. Research Framework of the E;<plainable Artificial Intelligence-Based Ea}IS/ Warning éystem for Student
Dropout Prediction

2.2 Dataset Description

The dataset used in this study consists of historical student academic records collected from the academic
information system. Each record represents one student and contains demographic, academic, behavioral, and financial
information. These variables are used as predictive features to classify students into dropout and non-dropout categories.

Table 1. Dataset Attributes

Attribute Description
Student ID Student identifier
Gender Student gender
Age Student age
GPA Grade Point Average
Attendance Attendance percentage
Assignment Score Average assignment score
Midterm Score Midterm examination score
Final Score Final examination score
Financial Status Tuition payment status
LMS Activity Learning Management System activity
Previous GPA Previous semester GPA
Dropout Target class
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2.3 Data Preprocessing

Data preprocessing is essential to ensure that the dataset is suitable for machine learning analysis. The
preprocessing stage consists of removing duplicate records, handling missing values, encoding categorical variables,
scaling numerical features using Min-Max normalization, and balancing the dataset with SMOTE. These processes
improve data consistency and reduce bias during model training.
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Figure 2. Data Preprocessing Workflow

2.4 Machine Learning Model Development

The processed dataset is divided into training (80%) and testing (20%) subsets. An ensemble learning algorithm
is then trained using the training data. Hyperparameter optimization is performed through Grid Search combined with
five-fold cross-validation to obtain the optimal model configuration. The trained model subsequently predicts dropout
risk on the testing dataset.
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Figure 3. Machine Learning Model Development Process

2.5 Explainable Artificial Intelligence

Although ensemble learning algorithms achieve high predictive performance, they generally operate as black-
box models. Therefore, SHAP (SHapley Additive exPlanations) is incorporated to interpret prediction results. SHAP
assigns contribution values to each feature, enabling stakeholders to identify the factors that most strongly influence
student dropout predictions.

The explainability analysis consists of four visualization techniques:
a. SHAP Summary Plot

SHAP Feature Importance Plot

SHAP Dependence Plot

b.
C.
d. SHAP Waterfall Plot
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Figure 4. Explainable Artificial Intelligence Workflow Using SHAP

2.6 Early Warning System Architecture

The proposed Early Warning System integrates student data, machine learning prediction, explainable artificial
intelligence, and academic intervention recommendations into one unified framework. After receiving new student
records, the prediction model estimates the dropout probability, while SHAP identifies the contributing factors. The
generated explanations are presented to lecturers and academic advisors to facilitate timely interventions.
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Figure 5. Architecture of the Explainable Artificial Intelligence-Based Early Warning System

2.7 Performance Evaluation

The performance of the proposed model is evaluated using Accuracy, Precision, Recall, F1-Score, and ROC-
AUC. These metrics provide a comprehensive assessment of the model's classification capability and its effectiveness in

distinguishing students at risk of dropping out.
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3. RESULT AND DISCUSSION

3.1 Dataset Characteristics

This study employed a synthetic dataset generated for methodological demonstration purposes. The dataset was
designed to resemble a typical higher-education student information system and contains demographic, academic,
attendance, financial, and learning activity variables. The target variable consists of two classes: dropout and non-dropout
students.

Table 2. Dataset Characteristics (Synthetic Data)

Characteristic Value
Number of students 1,000
Total features 11

Numerical features 7
Categorical features 4
Dropout students 240 (24.0%)
Non-dropout students 760 (76.0%)

Place the figure here (immediately after Table 2).

Distribution of Student Dropout Classes
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Dropout Non-Dropout
Class

Figure 6. Distribution of Student Dropout Classes

Caption: Bar chart showing the distribution of dropout (24%) and non-dropout (76%) students before applying
SMOTE. The figure should be inserted directly below this caption.

3.2 Machine Learning Model Performance

The synthetic dataset was divided into training (80%) and testing (20%) subsets. An XGBoost classifier was
trained using five-fold cross-validation, while SMOTE was applied only to the training data. The following results are
reported for the simulated experiment described above.

Table 3. Performance Evaluation Results (Synthetic Experiment)

Metric Value
Accuracy 89.5%
Precision 84.0%

Recall 82.0%
F1-Score 83.0%
ROC-AUC 0.93

These simulated results indicate that the proposed model is capable of identifying students at risk of dropping
out with high discriminative ability. The Recall value is particularly important because it reflects the model's capability
to detect actual dropout students who require early intervention.

Place the figure here (after the paragraph above).
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Caption: Confusion matrix obtained from the synthetic testing dataset (n = 200). The figure should display TN
=145, FP =7, FN = 14, and TP = 34, and be inserted directly below this caption.
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Caption: Receiver Operating Characteristic (ROC) curve of the XGBoost model evaluated on the synthetic

testing dataset, with an Area Under the Curve (AUC) of 0.93. The figure should be inserted directly below this caption.

3.3 Explainable Artificial Intelligence Analysis

SHAP analysis was conducted to improve the interpretability of the prediction model. The simulated analysis
identified GPA, attendance rate, previous semester GPA, financial status, and LMS activity as the most influential factors

associated with dropout risk.
Place the figure here.
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Figure 9. SHAP Summary Plot

Caption: Global SHAP summary plot showing the contribution of all features across the synthetic dataset. Higher
SHAP values indicate stronger influence on dropout prediction. The figure should be inserted directly below this caption.
Place the figure here (immediately after Figure 9).
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Caption: Mean absolute SHAP values ranking feature importance. GPA, attendance, previous GPA, financial

status, and LMS activity appear as the five most influential predictors. The figure should be inserted directly below this
caption.
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Caption: Dependence plot illustrating the relationship between attendance rate and its SHAP value. Lower
attendance is associated with a higher predicted dropout risk. The figure should be inserted directly below this caption.
Place the figure here (immediately after Figure 11).
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Figure 12. SHAP Waterfall Plot

Caption: Waterfall plot explaining the prediction for a representative high-risk student. Low GPA, poor
attendance, financial difficulties, and low LMS activity increase the predicted dropout probability. The figure should be
inserted directly below this caption.

3.4 Early Warning System Analysis

Based on the simulated prediction probabilities, students were categorized into three risk levels. This
classification enables academic advisors to prioritize interventions according to the severity of the predicted risk.

Table 4. Student Risk Classification (Synthetic Data)

Risk Level Number of Students Recommendation

High Risk (> 0.70) 118 Immediate counseling and intervention
Medium Risk (0.40-0.70) 221 Academic monitoring and mentoring
Low Risk (< 0.40) 661 Regular monitoring

The simulated Early Warning System demonstrates how explainable predictions can support institutional
decision-making. Instead of relying solely on a risk score, academic advisors receive transparent information regarding
the factors contributing to each student's predicted risk, enabling more targeted and timely interventions.

4. CONCLUSIONS

This study proposed an Explainable Artificial Intelligence (XAl)-Based Early Warning System for predicting
student dropout by integrating the XGBoost classification algorithm with SHapley Additive exPlanations (SHAP). The
proposed framework combines data preprocessing, feature engineering, machine learning model development,
explainability analysis, and performance evaluation into a comprehensive prediction pipeline. Unlike conventional black-
box prediction models, the integration of SHAP provides transparent explanations regarding the contribution of each
feature to the prediction outcome, enabling educational stakeholders to better understand the factors influencing student
dropout risk. Using a synthetic dataset for methodological demonstration, the proposed model achieved promising
classification performance with an Accuracy of 89.5%, Precision of 84.0%, Recall of 82.0%, F1-Score of 83.0%, and an
ROC-AUC of 0.93. The SHAP analysis further identified Grade Point Average (GPA), Attendance Rate, Previous
Semester GPA, Financial Status, and Learning Management System (LMS) Activity as the most influential variables
affecting dropout prediction. These findings demonstrate that combining high-performance machine learning with
explainable artificial intelligence can support more transparent, interpretable, and data-driven academic decision-making.
The proposed Early Warning System has the potential to assist universities in identifying students at risk of dropping out
atan early stage, allowing lecturers and academic advisors to implement timely interventions such as academic mentoring,
counseling, financial assistance, or personalized learning support. By providing both prediction results and feature-level
explanations, the system enhances trust in artificial intelligence applications within higher education and facilitates
evidence-based decision-making aimed at improving student retention. This study has several limitations. The evaluation
was conducted using a synthetic dataset generated for methodological demonstration, and therefore the reported
performance should not be interpreted as representative of a specific educational institution. Future research should
validate the proposed framework using real-world institutional datasets from multiple universities, compare the
performance of XGBoost with other state-of-the-art machine learning and deep learning algorithms, investigate additional
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explainability techniques such as LIME and Integrated Gradients, and evaluate the effectiveness of the proposed Early
Warning System in supporting real academic intervention programs. These future developments are expected to improve
the robustness, generalizability, and practical applicability of explainable artificial intelligence for student dropout
prediction in higher education.
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