
Published By: Fifth Dimension Research Publication            www.fdrpjournals.org/                                             90 | P a g e  

 
 

 

 

 

International Journal of Innovative Research in Engineering 
Volume 7, Issue 2 (March - April 2026), PP: 90-95. 
https://www.doi.org/10.59256/ijire.20260702012 
www.theijire.com                                                            ISSN No: 2582-8746 

An Explainable Machine Learning Framework for Early 
Prediction of Student Academic Performance 
 
Deepak Kumar1, Vikas Arora2, Abhinav Pratap Soni3, Anurag Agarwal4 

1,2,3,4Department of Computer Science Engineering, Roorkee Institute of Technology, Uttarakhand, India. 

 

How to cite this paper:  
Deepak Kumar1, Vikas Arora2, Abhinav 

Pratap Soni3, Anurag Agarwal4, “An 
Explainable Machine Learning Framework for 
Early Prediction of Student Academic 
Performance”, IJIRE-V7I2-90-95. 

 

Copyright © 2026 
by author(s) and 

Fifth Dimension 
Research 

Publication. This work is licensed under the 

Creative Commons Attribution International 
License (CC BY 4.0). 
http://creativecommons.org/licenses/by/4.0/ 
 

 

 
 

 

Abstract: Early identification of students at risk of poor academic performance is essential for 
improving learning outcomes and reducing dropout rates in higher education institutions. The 
increasing adoption of digital learning platforms has resulted in the generation of large-scale 
educational data, enabling the application of machine learning techniques for predictive analytics. 
Although existing studies report high prediction accuracy, most machine learning–based models 

operate as black boxes, limiting their interpretability and practical adoption by educators. To 
address this limitation, this paper proposes an explainable machine learning framework for early 
prediction of student academic performance. The proposed approach employs a Random Forest 
classifier for accurate risk prediction and integrates SHapley Additive exPlanations (SHAP) to 
provide both global and local interpretability of model decisions. Experiments conducted on the 
UCI Student Performance dataset demonstrate that the proposed framework achieves an accuracy 
of 91.14%, an F1-score of 86.79%, and an ROC–AUC of 0.9655, outperforming baseline 
classifiers. Furthermore, SHAP-based explanations identify key academic and behavioral factors 

influencing student performance and provide individualized explanations for at-risk students. The 
results confirm that the proposed framework offers both high predictive performance and 
transparency, making it suitable for real-world educational decision-support systems. 

 
Keywords: Student Performance Prediction, Explainable Artificial Intelligence, Random Forest, 
SHAP, Educational Data Mining, Learning Analytics. 

 

 

I.INTRODUCTION 

Academic performance among students is universally considered as an important indicator of the quality of 

education, effectiveness of the institution and student achievement in higher education. Lack of school success and elevated 

rates of school dropouts do not only negatively affect the future career of students, but also subject the academic institutions 

to a lot of challenge (regarding retention and accreditation as well as resource allocation). As a result, the forecasting of 

academic risk in the early stages has gained its significance as a research problem in an educational data mining and learning 

analytics [1], [2]. 

The conventional means of evaluating student achievement majorly depend on examination marks, records of 

attendance, and instructor-based tests. These methods prove effective in small scale settings, but tend to be reactive, 
subjective and fail to capture the interaction of complex features of academic, demographic, and behavioral features. What 

is more important is that these approaches normally detect academic challenges once poor performance has taken place, thus 

diminishing the chances of intervening on time [3]. 

The intensive digitalization of education in the form of Learning Management Systems (LMS), online testing, and 

digital learning environments has resulted in the appearance of great masses of educational data. That has made it possible 

to apply machine learning (ML) techniques to predictive modeling and early detection of at-risk students [4]. Decision Trees, 

Support Vector Machines, Naïve Bayes, and ensemble learning algorithms are examples of supervised learning algorithms 

that have been extensively used to predict academic performance and model the behavior of students [5] – [7]. 

Although most of the ML-based student performance prediction models are promising in their predictive accuracy, 

they are also black-box systems and do not provide much information about prediction generation. It is not interpretable, 

which compromises the trust of educators and limits the practical implementation as academic stakeholders often need clear 
and practical clarifications to justify intervention measures [8]. Explainable Artificial Intelligence (XAI) has recently been 

proposed as a solution to such problems to explain the model predictions in a human-understandable manner. 

This paper is driven by the necessity to implement both precision and explainability, which is why it suggests an 

explainable machine learning approach that combines a Random Forest classifier with SHAP-based interpretability. The 

proposed approach is based on improving the model transparency and preserving the high accuracy, as opposed to the current 

research, where the predictive performance is a primary consideration. The framework does not only impose at-risk students 

at an early age but it also elaborates the major factors affecting every prediction hence, making it easier to implement 

academic interventions that are timely and informed. 
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The main contributions of this work are summarized as follows: 

 Development of an explainable student performance prediction framework using ensemble learning. 

 Integration of SHAP-based global and local explanations to enhance model transparency and trust. 

 Comprehensive evaluation using standard performance metrics on a real-world educational dataset. 

 Identification of actionable academic and behavioral factors influencing student performance. 

 

II. RELATED WORK 

The academic performance is one of the key areas of research where machine learning and data mining methods 

have been used to predict the academic performance of students in the last decade. The classical classifiers used in early 

studies to present academic records and demographic data include Decision Trees, Naïve Bayes, K-Nearest Neighbor and 
Support Vector machines [5], [6]. These methods showed that it was possible to predict performance in an automated way 

though they were usually lacked in scale and accuracy. 

Ensemble learning algorithms like Random Forest and Gradient Boosting have been popular in order to enhance 

predictive performance. It is reported that ensemble models can do better than single classifiers in efficiently exploiting the 

heterogeneity of features, as well as preventing overfitting [7], [9]. Simultaneously, deep learning methods, such as Artificial 

Neural Networks and Deep Neural Networks, have been suggested to learn complicated nonlinear connections in learning 

data. Although deep learning models are as accurate as competitive, they depend on large data sets and are uninterpretable 

limiting their usefulness in education settings [10]. 

According to the recent survey studies, despite the improvements in prediction accuracy, some of the major 

challenges, including data imbalance, lack of generalizability, ethical issues, and lack of transparency, still have not been 

overcome [1], [2]. Specifically, as one key obstacle to the implementation of machine learning models in theoretical 
educational decision-making systems, the lack of explainability has been cited. 

Recently, explainable Artificial Intelligence methods like LIME and SHAP have been viewed as appropriate to 

enhance the interpretability of models. SHAP is a cooperative game theory-based model that offers both consistent and 

theoretically accurate explanations by measuring the value of each component in a model prediction [11]. Even though SHAP 

has been utilized successfully in various fields, including the healthcare and financial sectors, its use in predicting student 

performance is still low. 

Unlike other literature, the use of SHAP-based explainability combined with an ensemble learning model is 

incorporated in this work to offer high levels of predictive performance and transparent decisions. The given framework will 

close the divide between the accuracy-based predictive modeling and the targeted educational analytic tools because it will 

allow both the universal and the personalized explanations to the at-risk learners. 

 

III. PROPOSED EXPLAINABLE FRAMEWORK 

This part outlines the suggested explainable machine learning framework that has been created in the early 

prediction of student academic performance. The framework combines a high-performance ensemble learning model with 

the Explainable Artificial Intelligence (XAI) methods to guarantee the predictive accuracy and model transparency. The 
general operational structure of the proposed framework is made up of data acquisition, preprocessing, predictive modeling, 

performance evaluation, and explainability analysis. 

 

A. Dataset Description 

The Student Performance Dataset that is received at the UCI Machine Learning Repository is used to evaluate the 

proposed framework. The dataset consists of academic data about secondary school students, and the data has extensively 

been used as a benchmark dataset in the research of educational data mining. The data sets involve demographic, scholastic 

and conduct based characteristics, which incorporate age, parental education, study time, past failures, absenteeism, family 

support, and social activity indicators. The three characteristics of grades are used to represent academic performance in G1 

(first-period grade), G2 (second-period grade), and G3 (final grade). 

 

To enable early identification of academically vulnerable students, the prediction task is formulated as a binary 

classification problem: 

 At-risk student: G3 < 10 

 Not at-risk student: G3 ≥ 10 

This threshold corresponds to failure criteria commonly adopted in educational systems and prior studies, making 

the formulation practically meaningful and comparable with existing research. 

 

B. Data Preprocessing and Feature Engineering 

Systematic process of pre-processing the data comes after the model training to ensure quality and consistency of 

information. Numerical characteristics are imputed using median imputation and the categorical characteristics using the 

most prevalent category. One-hot encoding refers to transforming categorical attributes to the numerical form in order to be 

efficiently utilized by machine learning algorithms. Since the proposed model is a Random Forest, an explicit feature scaling 
will not be required as well because of being tree based. 
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The target variable G3 is not used to train as this will result in data leakage. A stratified train test split is then adopted 

to divide the data into a training set and test set whereby the ratio between the classes of at-risk and not at-risk students is the 

same in both sets. 

 

C. Predictive Modeling Using Ensemble Learning 

The basic predictive component of the proposed framework is constructed on a Random Forest classifier which is 

an ensemble classifier which implies the combination of a certain amount of decision trees to increase generalization and 

power. Random Forest is particularly suitable within learning data group since it can embrace nonlinear reliance and 

nonlinear data, as well as heterogeneous characteristics. 
Baseline models including Decision Tree, Naive Bayes and Support Vector machine (SVM) are also applied to 

make comparative analysis. However, the experimental results indicate the adoption of the Random Forest as the initial 

option of the model because it has better predictive accuracy and stability, as demonstrated by the experimental results. 

Random Forest model presents a probability of a student being in at-risk category which enables a decision based on the 

probability to seek the flexibility of probability thresholds to establish the decisions to intervene in academic performance. 

 

D. Performance Evaluation Metrics 

The success of the proposed framework will be evaluated by using the usual standard performance measures of 

classification, including: Accuracy, Precision, Recall, F1-score, Receiver Operating Characteristic - Area Under Curve (ROC 

-AUC), Confusion Matrix. These metrics provide a better assessment of the performance of the model particularly when 

there is an imbalance in classes, that is, when the capacity to detect the at-risk students correctly is more significant than the 
performance. 

 

E. Explainable Artificial Intelligence Using SHAP 

In a proposal to address the limitations of interpretability of black-box machine learning models, the proposed 

framework includes SHapley Additive explanations (SHAP), which is a recent XAI approach, which is grounded in 

cooperative game theory. SHAP gives a value of contribution of each feature which is utilized to determine the impact of 

such a feature in the prediction of the model. The explainability component of the framework operates at the 2 levels: 

 

1) Global Explainability 

The global SHAP analysis represents the most powerful characteristics in the entire data set. Mean absolute SHAP 

values calculation reveals the significant academic and behavioral predictors to incorporate G2, G1, past failures, absences 

and level of social activity that have a considerable influence in predicting the student performance. This is a productive 
contribution to teachers and politicians because it is a universal connotation. 

 

2) Local Explainability 

The SHAP explanations of individual students are also generated to provide an explanation of some predictions. 

The SHAP waterfall plots would illustrate the role of each feature in moving the prediction between the baseline probability 

and the ultimate risk score in the case of an at-risk student under consideration. This local interpretability makes it easy to 

carry out personalized academic interventions by revealing student-specific risk factors. 

 

F. Framework Summary 

The offered explainable framework is effective in matching predictive accuracy with transparency in the prediction 

of student academic performance. The framework provides: 

 Accurate early identification of at-risk students 

 Global insights into dominant academic risk factors 

 Individualized explanations for targeted intervention 

It is scalable, model-agnostic and can be integrated with Learning Management Systems, so it is a viable solution 

to the real-world educational decision support. 

 

IV. RESULTS AND DISCUSSION 

This part will give an in-depth analysis of what is suggested concerning the propose explainable machine learning 

model in early prediction of academic performance of students. Random Forest model is compared to baseline classifiers in 

terms of predictive performance, and then, it is analyzed in detail using confusion matrix, ROC curve, and explainability of 

the model with the help of SHAP. 

 

A. Comparative Performance Analysis 

The metrics of evaluating the performance of various machine learning models are accuracy, precision, recall, F1-

score, and ROC-AUC. Table 1 provides the summarized results of the comparison. The overall performance of the Random 

Forest classifier is the best with the accuracy of 91.14, precision of 85.19, recall of 88.46, F1-score of 86.79, and ROC-AUC 

of 0.9655. Such findings indicate the strength of ensemble learning to multidimensional educational data and the ability to 

learn and reflect the interactions between features. 

http://www.fdrpjournals.org/ijire
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Model Accuracy Precision Recall F1 ROC_AUC 

Decision Tree 0.848101 0.769231 0.769231 0.769231 0.828012 

Naïve Bayes 0.835443 0.809524 0.653846 0.723404 0.911466 

SVM 0.822785 0.666667 0.923077 0.774194 0.944848 

Random Forest 0.911392 0.851852 0.884615 0.867925 0.96553 

Table. 1. Comparison of baseline classifiers and the proposed Random Forest model. 

 

Even though the Support Vector Machine (SVM) model has a higher recall (92.31%), its relatively low precision 

(66.67) implies that the false-positive rate is high and, therefore, academic intervention may be unwarranted. The Random 

Forest model is more realistic, however, in terms of strike a balance between precision and recall, which is more applicable 
to real-world educational decision-support systems. Naive Bayes and Decision Tree models have relatively poor predictive 

performance which is another indication of the benefits of ensemble-based models when predicting student academic 

performance. 

 

B. Confusion Matrix Analysis 

Fig. 1 provides the confusion matrix obtained by the use of the Random Forest classifier. The model has 49 not-at-

risk students and 23 at-risk students correctly classified and only 4 not-at-risk students are falsely classified as at-risk and 3 

at-risk students are falsely classified as not-at-risk. The minimal false negative rate is especially significant in academic risk 

assessment which is intended to help avoid timely intervention when it is impossible to predict that a student is at-risk. The 

confusion matrix analysis does confirm that the proposed framework has the ability to reduce such critical errors effectively 

thus enhancing its reliability in early warning systems. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 1. Confusion matrix of the Random Forest classifier for student academic performance prediction. 

 

C. ROC Curve Analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 2. ROC curve of the Random Forest model showing an AUC of 0.9655. 

http://www.fdrpjournals.org/ijire


An Explainable Machine Learning Framework for Early Prediction of Student Academic Performance 

Published By: Fifth Dimension Research Publication             www.fdrpjournals.org/                                           94 | P a g e  

 
 

 

 

 

 

Fig. 2 shows the Receiver Operating Characteristic (ROC) curve of the Random Forest Model. The model has an 

AUC=0.9655 which is a great discriminative power with respect to at-risk and non-at-risk students. The ROC curve always 

stays strongly above the diagonal reference line which supports the fact that classification performance lies strong at the 

varying threshold values. The good AUC value is another testament to the appropriateness of the our proposed ensemble-

based model in academic risks prediction. 
 

D. Global Explainability Analysis Using SHAP 

To enhance model transparency, SHAP-based global explainability is employed. The SHAP summary plot and 

global feature importance bar plot are presented in Fig. 3 and Fig. 4, respectively. The analysis reveals that second-period 

grade (G2) and first-period grade (G1) are the most influential features in predicting academic risk. Other significant 

contributors include number of previous failures, absences, social activity level (goout), and age. Higher values of G1 and 

G2 substantially reduce the likelihood of a student being classified as at-risk, whereas increased failures and absences 

increase academic risk. 
These findings are consistent with prior studies in educational data mining and confirm that the proposed framework 

captures meaningful and interpretable academic patterns. 

 

 
Fig. 3. SHAP summary plot illustrating the distribution and impact of features on student performance prediction. 

 

 
Fig. 4. SHAP global feature importance bar plot highlighting the most influential attributes affecting student academic performance. 

 

E. Local Explainability and Individual Prediction Analysis 

In addition to global interpretability, the proposed framework provides local explanations for individual predictions. 

A representative SHAP waterfall plot for an at-risk student is shown in Fig. 5. The waterfall plot demonstrates how individual 
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feature contributions shift the prediction from the baseline probability (E[f(X)] ≈ 0.50) to the final predicted probability (f(x) 

≈ 0.75). Low values of G1 and G2 and previous academic failures are observed to be the dominant contributors to increased 

risk, while certain demographic and behavioral features marginally reduce the risk. Such individualized explanations enable 

educators to understand why a student is classified as at-risk and support the design of targeted, personalized academic 

interventions. 

 

 
Fig. 5. SHAP local waterfall plot explaining the prediction for an individual at-risk student. 

 

V.DISCUSSION 
The experimental outcomes show that the suggestible explainable machine learning framework has been effective 

in satisfying two major demands of educational analytics high predictive accuracy and explainability. Random Forest model 

is better compared to the baseline classifier, and SHAP-based explanations are more transparent and trustworthy. The 

proposed framework presents practical information at both global and personal scales, unlike the traditional black-box 

prediction system which only generates insight. The framework helps to take proactive steps in academic intervention in 
higher learning institutions by facilitating the predictive process and identifying the factors behind the predictions that may 

be at risk before planning. 

 

References 
1. R. Katarya and R. Meena, “A systematic review on predicting the performance of students in higher education using machine learning 

techniques,” Wireless Personal Communications, Springer, vol. 136, pp. 1–29, 2024, doi: 10.1007/s11277-023-10838-x. 
2. B. Albreiki, N. Zaki, and H. Alashwal, “A systematic literature review of student performance prediction using machine learning 

techniques,” Education Sciences, vol. 11, no. 9, p. 552, 2021, doi: 10.3390/educsci11090552. 
3. A. Namoun and A. Alshanqiti, “Predicting student performance using data mining and learning analytics techniques: A systematic 

literature review,” Applied Sciences, vol. 11, no. 1, p. 237, 2021, doi: 10.3390/app11010237. 
4. M. Yağcı, “Educational data mining: Prediction of students’ academic performance using machine learning algorithms,” Smart 

Learning Environments, vol. 9, no. 1, pp. 1–18, 2022, doi: 10.1186/s40561-022-00192-z. 
5. S. Kumar, A. Sharma, and R. Verma, “Student performance prediction using data mining classification algorithms,” Advances in 

Science, Technology and Engineering Systems Journal, vol. 6, no. 1, pp. 17–25, 2024. 
6. Y. Wang, A. Ding, K. Guan, S. Wu, and Y. Du, “Graph-based ensemble machine learning for student performance prediction,” arXiv 

preprint arXiv:2112.07893, 2021. 
7. A. G. R. Sandeepa and S. Mohottala, “Evaluation of machine learning models in student academic performance prediction,” arXiv 

preprint arXiv:2506.08047, 2025. 
8. J. R. Quinlan, “Induction of decision trees,” Machine Learning, vol. 1, no. 1, pp. 81–106, 1986. 
9. L. Breiman, “Random forests,” Machine Learning, vol. 45, no. 1, pp. 5–32, 2001. 
10. I. Goodfellow, Y. Bengio, and A. Courville, Deep Learning. MIT Press, Cambridge, MA, USA, 2016. 
11. S. M. Lundberg and S.-I. Lee, “A unified approach to interpreting model predictions,” Advances in Neural Information Processing 

Systems (NeurIPS), vol. 30, pp. 4765–4774, 2017. 
12. S. M. Lundberg et al., “From local explanations to global understanding with explainable AI for trees,” Nature Machine Intelligence, 

vol. 2, pp. 56–67, 2020, doi: 10.1038/s42256-019-0138-9. 
13. P. Cortez and A. Silva, “Using data mining to predict secondary school student performance,” in Proceedings of the 5th Annual Future 

Business Technology Conference (FUBUTEC), Porto, Portugal, 2008, pp. 5–12. 
14. P. Cortez, “Student Performance Data Set,” UCI Machine Learning Repository, University of California, Irvine, 2008. [Online]. 

Available: https://archive.ics.uci.edu/ml/datasets/student+performance 

http://www.fdrpjournals.org/ijire

	References

