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Abstract: Student dropout and inconsistent academic performance continue to pose serious challenges in higher education,
affecting both institutional outcomes and student success. Early identification of students at risk enables institutions to
implement timely interventions and improve retention rates. This study presents a machine learning-based framework for
predicting student academic outcomes and dropout risk using historical educational data.

The proposed model is developed using a dataset from the UCI Machine Learning Repository that includes academic,
demographic, and socioeconomic attributes. Multiple machine learning algorithms, including Logistic Regression, Random
Forest, and XGBoost, are implemented and evaluated for classifying student outcomes. Experimental results indicate that
XGBoost achieves the best performance, with a test accuracy of approximately 87.45%, outperforming the other models.

To enhance interpretability, Shapley Additive explanations (SHAP) are utilised to examine feature contributions. The findings
reveal that academic performance indicators, particularly second-semester results and the completion of curricular units, play a
significant role in predicting student dropout.

Overall, the proposed system provides an accurate and interpretable solution for early dropout detection, supporting data-driven
decision-making in educational institutions.
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L. INTRODUCTION

Student dropout and poor academic performance are major concerns in higher education, as they impact both institutional reputation
and student career progression. Many students encounter academic, financial, and personal challenges that may lead to
discontinuation of their studies. Traditional approaches for identifying at-risk students are often reactive and rely on manual
monitoring, which limits the possibility of timely intervention. With the increasing availability of educational data, machine learning
techniques provide an effective way to analyse student information and predict outcomes in advance. By leveraging historical
academic records, demographic details, and socio-economic factors, predictive models can identify patterns associated with student
success or failure. This enables institutions to take proactive measures such as mentoring, counselling, and academic support. In this
study, a machine learning-based framework is proposed to predict student academic outcomes and dropout risk. The system utilizes
a publicly available dataset containing comprehensive student-related attributes. Multiple classification algorithms, including
Logistic Regression, Random Forest, and XGBoost, are implemented and compared to evaluate their performance. An ensemble
approach is also incorporated to improve prediction accuracy and robustness. Furthermore, the proposed system emphasizes
interpretability by integrating Shapley Additive explanations (SHAP), which helps in understanding how individual features
influence model predictions. The system is also supported by an interactive dashboard that presents predictions and analytical
insights in a clear and user-friendly manner. This approach aims to assist educational institutions in making informed decisions and
implementing early intervention strategies.

1. LITERATURE REVIEW
Several research studies have examined the use of machine learning methods to predict academic performance and risk of dropout in
students. Educational data mining has proved to be an important field of research, with previous student data being used to
determine patterns and further decision-making in educational establishments [6], [7].
Conventional algorithms like Logistic Regression and Decision Trees have been popular since they are easy to learn and understand.
In particular, Logistic Regression can be used to address binary classification problems, whereas Decision Tree methods offer an
intuitive decision-making framework [4], [7]. Nevertheless, such models can be hard to extend to large and heterogeneous datasets
to capture complex relationships. In order to overcome this weakness, ensemble methods like Random Forest have been proposed,
and such methods help to enhance the accuracy of predictions as they use a set of decision trees [3].
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Recent research indicates that more sophisticated algorithms (Gradient Boosting, XGBoost) have become popular in student
performance prediction because they are highly accurate and have the potential to operate on non-linear relationships in data [2], [9].
Such models have proven to be better in performance than the conventional methods. Also, other studies are concerned with
enhancing the efficiency of models by selecting features and hyperparameter optimization, but such approaches can lead to higher
computing costs and low interpretability [9], [10].

Moreover, some of the existing systems concentrate on one activity, e.g., either dropout prediction or academic performance
analysis.

This restricts their relevance in practical educational settings, which are highly interrelated in aspects of both aspects. Furthermore,
there are numerous studies with inefficient visualization and interfaces that complicate the interpretation and effective use of the
results [6].

To address these drawbacks, the current work suggests an integrated model that fuses several machine learning models to forecast
academic success and dropout probability. Explainability is also implemented in the system with the help of Shapley Additive
Explanations (SHAP) to investigate the contribution of features and increase transparency of model predictions [5]. Moreover, an
interactive dashboard is created to display insights clearly and in an easy way to assist in making decisions based on data in
educational institutions.

1. METHODOLOGY
This section describes the dataset, preprocessing techniques, machine learning algorithms, and evaluation methods used to predict
student dropout risk and academic performance.

A. Dataset Description

The dataset used in this study is obtained from the UCI Machine Learning Repository, which provides detailed information on
students’ academic, demographic, and socio-economic characteristics [1]. The dataset includes features such as curricular unit
performance, grades, admission scores, financial status, and personal background.

The dataset comprises 36 input features and is divided into training and testing sets. The training set contains 3539 samples, while the
test set includes 885 samples. The dataset is moderately imbalanced, with approximately 67.87% non-dropout instances and 32.13%
dropout instances.

The data is structured with 36 input features and is divided into training and testing sets. The training set consists of 3539 samples,
while the test set contains 885 samples. The dataset is moderately imbalanced, with approximately 67.87% non-dropout instances and
32.13% dropout instances.

B. Data Preprocessing

Data preprocessing is performed to ensure data quality and improve model performance. The following steps are

e Handling Missing Values: Missing or inconsistent data entries are identified and handled appropriately.

e Encoding Categorical Variables: Categorical features are converted into numerical values using encoding techniques.

e Feature Scaling: Numerical features are normalized to maintain consistency across different ranges.

e Train-Test Split: The dataset is divided into training and testing subsets for model evaluation. These preprocessing steps
ensure that the dataset is suitable for training machine learning models.

C. Model Development

Several machine learning models are implemented to predict student dropout risk:

e Logistic Regression: A basic model used for binary classification due to its simplicity and interpretability [4].

e RandomForest: An ensemble learning technique that builds multiple decision trees and impr oves prediction accuracy by
reducing overfitting [3].

e XGBoost: A gradient boosting algorithm that effectively captures complex patterns and delivers high predictive
performance [2].

Cross-validation is conducted to assess model stability. The results show that all models perform well, with XGBoost achieving the

highest average accuracy.

©NRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 5831



International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue IV Apr 2026- Available at www.ijraset.com

D. Model Evaluation
The models are assessed using standard classification metrics, including:

e Accuracy
e Precision
e Recall

e Fl-score

e Confusion Matrix

The confusion matrix provides detailed insight into model performance by showing the number of correctly and incorrectly
classified instances. The results indicate that XGBoost achieves the highest test accuracy of approximately 87%, outperforming
Logistic Regression and Random Forest.

E. Explainability using SHAP

To enhance model interpretability, Shapley Additive Explanations (SHAP) are applied to analyze the impact of each feature [5].
SHAP provides both global and local explanations:

e Global Explanation: Identifies the most influential features across the entire dataset.

e Local Explanation: Explains individual predictions by showing how each feature contributes to the final output.

The SHAP analysis reveals that features like second-semester performance, number of approved curricular units, and tuition fee
status play a significant role in predicting student dropout.

F. System Workflow

The overall system follows a structured pipeline from data collection to final prediction and decision support. Initially, student data is
collected and preprocessed. The processed data is then used to train machine learning models. Once trained, the models generate
predictions for academic performance and dropout risk.

The results are evaluated using performance metrics and further interpreted using SHAP-based explainability techniques. Finally, the
predictions and insights are presented through a user-friendly dashboard, helping institutions to identify at-risk students and
implement early intervention strategies.

IV.  RESULTS AND DISCUSSION
This section presents the experimental results of the implemented machine learning models and provides a detailed analysis of their
performance in predicting student dropout risk.

A. Model Performance

The performance of the models was evaluated using standard classification metrics, including accuracy, precision, recall, F1-score,
and ROC-AUC. The experimental results indicate that all models perform effectively, with noticeable differences in predictive
capability.

Among the evaluated models, XGBoost achieved the highest test accuracy of approximately 87.45%, outperforming Logistic
Regression and Random Forest. Logistic Regression achieved an accuracy of approximately 85.99%, while Random Forest
achieved around 87.01%. Cross-validation results further confirm the robustness of the models, with XGBoost achieving the highest
average accuracy.

B. Model Comparison

A comparative evaluation of the applied machine learning models reveals clear differences in predictive performance. Logistic
Regression is used as a baseline model due to its simplicity and interpretability. However, its ability to capture complex
relationships in the data is limited. Random Forest improves prediction performance by leveraging multiple decision trees and
effectively modeling non-linear patterns present in student data. Among all the models, XGBoost achieves the best overall
performance. Its gradient boosting approach iteratively minimizes prediction errors, resulting in improved accuracy and robustness.
This makes it particularly suitable for handling structured educational datasets with diverse features.

The results indicate that advanced ensemble and boosting techniques are more effective than traditional models for predicting
student dropout risk. These methods provide better generalization and are capable of capturing intricate relationships between
academic, demographic, and socio-economic factors.
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Model Accuracy | Precision | Recall ROC-AUC
(Dropout) | (Dropout) | F1-Score
(Dropout)
Logistic 0.8599 0.78 0.79 0.78 0.91
Regression
Random Forest 0.8701 0.89 0.65 0.75 0.92
XGBoost 0.8746 0.87 0.72 0.79 0.91

As shown in Table 1, XGBoost achieves the highest accuracy among all models. Random Forest demonstrates higher precision for
dropout prediction, while Logistic Regression provides balanced performance with better interpretability.

C. Confusion Matrix Analysis
The confusion matrix provides a detailed evaluation of the classification performance of the XGBoost model. A significant number of

non-dropout instances are correctly classified, indicating strong predictive capability in identifying students likely to continue their
education.

However, some dropout cases are misclassified, which can be attributed to class imbalance in the dataset. Despite this, the model
maintains a good balance between precision and recall, ensuring reliable performance across both classes.

Confusion Matrix — XGBoost (Binary)
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Fig. 2. Confusion matrix of the XGBoost model

As shown in Fig. 2, the model correctly classifies a large number of non-dropout students while maintaining reasonable performance
in identifying dropout cases.

D. SHAP-Based Interpretation

To enhance model transparency, Shapley Additive Explanations (SHAP) are employed to interpret the predictions of the machine
learning model. SHAP provides insights into how individual features contribute to the model output.
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Fig. 3. SHAP summary plot for feature impact analysis

The SHAP summary plot illustrates the contribution of each feature to the prediction outcome. Features such as second-semester
grades, number of approved curricular units, and tuition fee status exhibit a strong influence on student dropout prediction. The
distribution of SHAP values indicates both positive and negative impacts of features on the model output.
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Fig. 4. Global feature importance based on SHAP values

As shown in Fig. 4, the global feature importance analysis highlights that second semester approved units, second semester grades,
and tuition fee status are the most influential factors in predicting student dropout. This confirms that academic performance plays a
critical role in determining student outcomes.

E. Discussion

The experimental results demonstrate that machine learning techniques can effectively model and predict student dropout risk using
academic and socio-economic data. Among the evaluated models, XGBoost achieved the highest overall accuracy, indicating its
strong capability in capturing complex patterns within the dataset. The ensemble-based nature of Random Forest also contributed to
improved performance compared to traditional methods, while Logistic Regression provided a stable baseline with interpretable
results.
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The confusion matrix analysis highlights that the model performs particularly well in identifying non-dropout students, with a high
number of correctly classified instances. However, some dropout cases are misclassified, which can be attributed to class imbalance
in the dataset. This imbalance affects recall for the dropout class, suggesting that future improvements could focus on handling
imbalanced data more effectively.

The integration of SHAP-based explainability significantly enhances the interpretability of the proposed system. The results reveal
that academic-related features, especially second-semester performance and tuition fee status, play a dominant role in determining
student outcomes. These insights are valuable for educational institutions, as they enable data-driven decision-making and early
identification of at-risk students.

Overall, the findings confirm that combining predictive modeling with explainable Al techniques provides both high performance
and transparency. This combination is essential for real-world applications, where understanding the reasoning behind predictions is
as important as achieving high accuracy. The proposed approach can serve as a practical tool for supporting academic interventions
and improving student retention rates.

V.  CONCLUSION

This study presents a machine learning-based framework for predicting student dropout risk using academic, demographic, and
socio-economic data. Multiple models, including Logistic Regression, Random Forest, and XGBoost, were implemented and
evaluated, with XGBoost demonstrating the best overall performance. The results indicate that ensemble and boosting techniques
outperform traditional approaches in terms of accuracy and robustness. The integration of Shapley Additive Explanations (SHAP)
enhances model interpretability by identifying the key features influencing predictions.

The proposed system provides a reliable and interpretable solution for early identification of at-risk students. It can assist educational
institutions in implementing timely interventions, ultimately improving student retention and academic success.
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