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Abstract: Early prediction of student academic performance is essential for identifying at-risk students and enabling timely 
intervention strategies. Traditional single machine learning models often struggle to capture complex relationships within 
educational data. This study proposes a hybrid stacking ensemble model that integrates Random Forest, Support Vector 
Machine (SVM), and XGBoost as base learners with Logistic Regression as a meta-learner. The model was evaluated using a 
publicly available student performance dataset. Experimental results demonstrate that the proposed hybrid model achieved an 
accuracy of 91.13%, an F1-score of 0.877, and an AUC value of 0.965, outperforming individual classifiers. The findings 
indicate that ensemble learning significantly enhances predictive performance and reliability in academic early warning systems. 
Keywords: Academic Performance Prediction, Stacking Ensemble, Hybrid Model, Machine Learning, SMOTE, Early Warning 
System 
 

I.   INTRODUCTION 
Educational institutions increasingly adopt data-driven approaches to improve student learning outcomes [7],[8]. Early identification 
of academically at-risk students enables targeted interventions that can significantly reduce dropout rates and academic failure. 
Machine learning algorithms such as Random Forest, Support Vector Machine (SVM), and XGBoost have been widely used for 
academic performance prediction. Although these models demonstrate promising performance, individual classifiers may suffer 
from bias, variance, or limited generalization capability. 
To overcome these limitations, this study proposes a hybrid stacking ensemble model that combines multiple heterogeneous 
classifiers to enhance predictive robustness and accuracy. 
The key contributions of this research are: 
 Development of a hybrid stacking ensemble model for academic performance prediction. 
 Application of SMOTE to address class imbalance. 
 Comprehensive comparison with individual machine learning models. 
 Performance validation using multiple evaluation metrics including AUC and confusion matrix analysis. 

 
II.   RELATED WORK 

Several studies have explored the application of machine learning techniques for predicting student academic performance. Random 
Forest and SVM are commonly used due to their ability to model nonlinear relationships. XGBoost has also demonstrated strong 
predictive capability in structured datasets. 
However, single-model approaches often exhibit limitations in handling complex and imbalanced educational data. Ensemble 
learning techniques such as bagging and boosting have improved predictive performance. Among ensemble methods, stacking has 
shown superior capability by combining diverse classifiers into a unified predictive framework. 
This study extends previous research by implementing a stacking-based hybrid ensemble and evaluating its performance using 
comprehensive metrics. 
 

III.   METHODOLOGY 
1) Dataset 
The study utilizes the Student Performance Dataset containing demographic, academic, and social attributes of students [1]. The 
target variable was derived from the final grade (G3), where students scoring below 10 were labeled as “At Risk.” 
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2) Data Preprocessing 
The following preprocessing steps were performed: 
 Categorical features were encoded using Label Encoding. 
 Feature scaling was applied using StandardScaler. 
 SMOTE (Synthetic Minority Over-sampling Technique) was used to balance the dataset [2]. 
 
3) Proposed Hybrid Model 
The proposed stacking ensemble consists of: 
Base Learners: 
 Random Forest [3] 
 Support Vector Machine (SVM) [4] 
 XGBoost [5] 
Meta-Learner: 
 Logistic Regression 
The stacking approach combines predictions from base models and feeds them into the meta-learner to generate the final 
classification output [6]. 
 
4) Evaluation Metrics 
Model performance was evaluated using: 
 Accuracy 
 Precision 
 Recall 
 F1-Score 
 Confusion Matrix 
 ROC Curve 
 Area Under Curve (AUC) 
 

IV.   RESULTS AND DISCUSSION 
1) Model Performance Comparison 
The proposed hybrid stacking model was compared with individual machine learning models including Random Forest, SVM, and 
XGBoost. 

Table 1. Performance Comparison of Machine Learning Models 

Model Accuracy (%) Precision Recall F1 Score 

Hybrid Stacking 91.13 0.833 0.926 0.877 

Random Forest 89.87 0.806 0.926 0.862 

SVM 88.60 0.821 0.852 0.836 

XGBoost 88.60 0.821 0.852 0.836 

 
As shown in Table 1, the hybrid stacking model achieved the highest accuracy and F1-score, demonstrating improved predictive 
capability compared to standalone classifiers. 
 
2) Confusion Matrix Analysis 
To further evaluate classification performance, a confusion matrix was generated for the hybrid model. 



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 III Mar 2026- Available at www.ijraset.com 
  

 320 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 
 

 
Figure 1. Confusion Matrix of Hybrid Stacking Model 

 
The confusion matrix indicates that only two at-risk students were misclassified. The model correctly identified 25 at-risk students 
and 47 non-risk students. The low number of false negatives highlights the effectiveness of the model in detecting academically 
vulnerable students. 
 
3) ROC Curve Analysis 
The Receiver Operating Characteristic (ROC) curve was plotted to assess the discriminative ability of the model. 

 
Figure 2. ROC Curve of Hybrid Stacking Model 

 
The ROC curve analysis yielded an AUC value of 0.965, indicating excellent classification performance and strong separability 
between at-risk and non-risk students [10]. An AUC above 0.90 confirms the robustness of the proposed ensemble approach. 
Overall, the experimental results demonstrate that stacking ensemble learning significantly improves predictive robustness 
compared to individual machine learning models. 
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V.   CONCLUSION 
This study proposed a hybrid stacking ensemble model for predicting student academic performance. The integration of Random 
Forest, SVM, and XGBoost through a Logistic Regression meta-learner resulted in improved classification performance. 
The model achieved 91.13% accuracy and an AUC value of 0.965, outperforming standalone classifiers. The proposed approach can 
serve as an effective academic early warning system for identifying at-risk students. 
Future research may focus on: 
 Evaluating the model on larger multi-institutional datasets 
 Incorporating deep learning architectures 
 Developing real-time deployment systems for institutional use 

 
VI.   ACKNOWLEDGEMENT 

The authors would like to express their sincere gratitude to the Information Technology Department, VVP Engineering College, 
Rajkot, for providing guidance, support, and the necessary facilities to carry out this research work. 
We also thank all faculty members and colleagues for their valuable suggestions and encouragement during the completion of this 
study. 
Finally, we acknowledge the use of the publicly available student performance dataset that supported this research. 

 
REFERENCES 

[1] P. Cortez and A. Silva, “Using Data Mining to Predict Secondary School Student Performance,” Proceedings of the 5th Future Business Technology 
Conference, Porto, Portugal, 2008. 

[2] N. V. Chawla, K. W. Bowyer, L. O. Hall, and W. P. Kegelmeyer, “SMOTE: Synthetic Minority Over-sampling Technique,” Journal of Artificial Intelligence 
Research, vol. 16, pp. 321–357, 2002. 

[3] L. Breiman, “Random Forests,” Machine Learning, vol. 45, no. 1, pp. 5–32, 2001. 
[4] C. Cortes and V. Vapnik, “Support-Vector Networks,” Machine Learning, vol. 20, pp. 273–297, 1995. 
[5] T. Chen and C. Guestrin, “XGBoost: A Scalable Tree Boosting System,” Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge 

Discovery and Data Mining, 2016, pp. 785–794. 
[6] D. H. Wolpert, “Stacked Generalization,” Neural Networks, vol. 5, no. 2, pp. 241–259, 1992. 
[7] S. B. Kotsiantis, “Use of Machine Learning Techniques for Educational Data Mining: A Review of the Literature,” Educational Technology &amp; Society, 

vol. 15, no. 3, pp. 205–219, 2012. 
[8] R. Baker and K. Yacef, “The State of Educational Data Mining in 2009: A Review and Future Visions,” Journal of Educational Data Mining, vol. 1, no. 1, pp. 

3–17, 2009. 
[9] J. Han, M. Kamber, and J. Pei, Data Mining: Concepts and Techniques, 3rd ed., Morgan Kaufmann, 2011. 
[10] G. James, D. Witten, T. Hastie, and R. Tibshirani, An Introduction to Statistical Learning, Springer, 2013. 
 



 


