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ABSTRACT: Student academic performance prediction is a key research area in educational data mining that 

helps institutions identify at-risk students and implement timely academic interventions. Traditional methods of 

evaluation often fail to analyze large-scale educational datasets. This study presents a comparative analysis of 

five supervised machine learning algorithms: Logistic Regression, Decision Trees, K-Nearest Neighbors, 

Support Vector Machines, and Random Forest. Using a publicly available dataset containing academic, 

behavioral, and demographic features, we apply data preprocessing, categorical encoding, normalization, and 

feature selection. The models are evaluated using accuracy, precision, recall, F1-score, and confusion matrices. 

The experimental results show that the Random Forest model achieves the highest accuracy of 91.4%, followed 

by the Support Vector Machine at 88.2%. The findings indicate that tree-based ensemble learning is highly 

effective at capturing non-linear patterns in educational data. This predictive framework can support 

institutions in proactively assisting students who face academic difficulties, thereby improving retention and 

graduation rates. 

KEYWORDS - Academic performance, Classification algorithms, Educational data mining, Machine 

learning, Predictive analytics 

----------------------------------------------------------------------------------------------------------------------------- ---------- 

Date of Submission: 15-08-2026                                                                            Date of acceptance: 31-08-2026 

----------------------------------------------------------------------------------------------------------------------------- ---------- 

 

I. INTRODUCTION 
The widespread digital transformation of educational systems has generated vast quantities of academic 

and behavioral data. Modern learning management systems and student information systems regularly log 

detailed records of student attendance, study time, previous grades, and demographic information. Educational 

Data Mining (EDM) leverages these digital footprints to discover actionable insights that improve pedagogy, 

curriculum design, and student support systems. 

A major challenge for educational institutions is the early identification of students at risk of academic 

failure. Historically, institutions relied on midterm examinations or end-of-term assessments to evaluate 

progress. 

 

II. MOTIVATION AND PROBLEM FORMULATION 
The primary motivation behind this research is the transition from a reactive educational assessment 

model to a proactive, data-driven support framework. Student success is determined by a combination of 

academic, behavioral, and personal attributes. Class participation, study hours, previous grades, parental 

education, and attendance rates all contain predictive signals. By capturing these signals early in the academic 

cycle, institutions can allocate resources to at-risk students, lowering drop-out rates and improving institutional 

outcomes [3], [4]. 

2.1 Problem Formulation 

We model the prediction task as a supervised classification problem. Let the dataset consist of 𝑁 instances: 

𝒟 = {(𝑥1, 𝑦1), (𝑥2, 𝑦2), … , (𝑥𝑁 , 𝑦𝑁)} (1) 
 

where each 𝑥𝑖 represents a 𝑑-dimensional feature vector containing attributes such as attendance, study time, 

and previous grades. The target label 𝑦𝑖  represents the student's academic performance category, where 𝑦𝑖 ∈
{Pass, Fail} or 𝑦𝑖 ∈ {Poor,Average,Good}. 
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 The objective is to train a classifier function $f(x)$ that maps the input features to the target label while 

minimizing the empirical risk over the classification boundary: 

min
𝑓

1

𝑁
∑ℒ

𝑁

𝑖=1

(𝑓, (𝑥𝑖)𝑦𝑖) (2) 

 

where ℒ represents the classification loss function. 

2.2 Preprocessing and Feature Selection 

Raw educational datasets often contain incomplete entries and inconsistent formats that can degrade classifier 

performance. In this study, missing values are handled using median imputation for continuous attributes and 

mode imputation for categorical attributes to preserve sample size without introducing bias. Nominal features 

are transformed into numerical values using categorical encoding. To prevent features with large scales from 

dominating the distance calculations in distance-based classifiers, numerical attributes are scaled to a range 

of [0, 1] using Min-Max normalization: 

𝑥norm =
𝑥 − 𝑥min

𝑥max − 𝑥min

 (3) 

 

 Feature selection is subsequently performed using correlation analysis and tree-based feature importance. This 

step discards redundant features and retains the most predictive indicators, including prior academic grades, 

class attendance rates, and weekly study hours [5]. 

 

III. SYSTEM METHODOLOGY AND EQUATIONS 
The methodology compares five distinct supervised learning models, ranging from simple linear classifiers to 

complex ensemble methods, to identify the most robust predictive model for educational datasets [6], [7]. 

 

3.1 Classifiers and Core Formulas 

Logistic Regression estimates the probability of a categorical class outcome. For binary prediction, the model 

computes the probability of a student passing using the logistic sigmoid function: 

𝑝(𝑥) =
1

1 + 𝑒−(𝛽0+𝛽
𝑇𝑥)

 (4) 

 

where 𝛽0 represents the intercept and 𝛽 is the vector of trained coefficients. 

 Decision Trees recursively partition the student feature space based on attribute values that minimize Gini 

impurity. The Gini impurity at a given node $t$ is calculated as: 

𝐼𝐺(𝑡) = 1 −∑𝑝𝑗
2

𝐶

𝑗=1

 (5) 

 

where 𝑝𝑗 represents the probability of class 𝑗 at node 𝑡, and 𝐶 represents the total number of classes. 

 The K-Nearest Neighbors classifier is a non-parametric method that assigns a class to a query student record 

$x$ based on the majority vote of its $k$ closest neighbors. The distance is measured using the Euclidean 

distance formula: 

𝑑(𝑥, 𝑥′) = √∑(

𝑑

𝑗=1

𝑥𝑗 − 𝑥𝑗
′)2 (6) 

 

 Support Vector Machines seek an optimal separating hyperplane that maximizes the margin between classes. 

For non-linear relationships, SVM maps inputs into higher-dimensional spaces using kernel functions, solving 

the optimization problem: 

min
𝑤,𝑏,𝜉

1

2
∥ 𝑤 ∥2+ 𝐶∑𝜉𝑖

𝑁

𝑖=1

 (7) 

 

subject to the constraint: 

𝑦𝑖(𝑤
𝑇𝜙(𝑥𝑖) + 𝑏) ≥ 1 − 𝜉𝑖  (8) 

 

where 𝜉𝑖 are slack variables and 𝐶 controls the regularization trade-off. 



A Comparative Analysis of Machine Learning Algorithms for Student Performance Prediction 

DOI: 10.35629/6734-15085560                                     www.ijesi.org                                                       57 | Page 

 Random Forest is an ensemble classifier that constructs multiple independent decision trees during training. 

The final classification decision is determined by aggregating the predictions of all individual trees: 

𝑦̂ = mode{𝑇1, (𝑥), 𝑇2, (𝑥)…𝑇𝐵(𝑥)} (9) 
 

where 𝐵 is the number of decision trees in the forest. 

 

IV. FIGURES AND TABLES 
The classification pipeline and predictive evaluations were implemented in a Python environment using 

scientific libraries including Pandas, NumPy, and Scikit-learn. The processed dataset was partitioned using a 

fixed split ratio of 70% for training the models and 30% for evaluating their generalization performance on 

unseen student records. 

 

 The overall workflow of the student performance prediction system is shown in Fig. 1. 

 
fig. 1. Proposed student performance prediction architecture. 

 

The classifiers were trained on the training subset and evaluated using accuracy, precision, recall, and F1-score. 

Table 1 presents the performance metrics of the evaluated models. 
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Table 1. Classification Performance Metrics 

Algorithm Accuracy Precision Recall F1-Score 

Logistic Regression 82.1% 81.4% 80.9% 81.1% 

K-Nearest Neighbors (KNN) 83.6% 82.9% 83.2% 83.0% 

Decision Tree 85.3% 84.7% 85.1% 84.9% 

Support Vector Machine (SVM) 88.2% 87.5% 87.9% 87.7% 

Random Forest 91.4% 90.8% 91.1% 90.9% 

  

As shown in Table 1, the Random Forest model achieves the highest accuracy of 91.4%, outperforming 

the second-best model (SVM) by 3.2%. Classical models like Logistic Regression (82.1%) and KNN (83.6%) 

achieve lower accuracy, indicating that simpler boundaries struggle to capture complex educational patterns. 

The accuracy comparison of all five algorithms is illustrated in  
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V. CONCLUSION 
This study presented a comparative analysis of five supervised machine learning classifiers for 

predicting student academic performance. The empirical results demonstrate that the Random Forest ensemble 

model provides the highest predictive capability, achieving an accuracy of 91.4%, precision of 90.8%, recall of 

91.1%, and F1-score of 90.9%. This high performance represents a key advantage, showing that aggregating 

multiple decision trees successfully mitigates overfitting and handles noise in student behavioral data. 
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