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Abstract 

Predicting student performance has become an important focus in educational data mining. Schools are using data-
driven insights to find learners who may be struggling and to improve academic success. This study uses the Logistic 
Regression model on student performance data to examine how demographic, behavioral, and academic factors affect 
learning outcomes. Logistic Regression predicts outcomes like pass/fail and high/low performance with strong 
accuracy, due to its probabilistic framework. Besides predicting, the model also helps explain the importance of different 
factors. This allows educators to create informed and targeted interventions. The results show that Logistic Regression 
is an effective model that strikes a good balance between accuracy and clarity, making it a useful tool for early warning 
systems and data-based decision-making in higher education.  
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1. Introduction

In recent years, the education sector in Nigeria has seen a significant decline in student performance in both internal 
and external exams. Poor academic results have been reported at all levels of education [1]. A recent report from the 
Joint Admission and Matriculation Board (JAMB) showed that about 1.4 million candidates scored below 200 in the 
2024 Unified Tertiary Matriculation Examination (UTME). This highlights the seriousness of the problem [2]. While this 
number pertains to Nigeria, student dropout is a global issue. Dropout rates exceed 40% in some European and Latin 
American countries, and around 30% of first-year students in U.S. Baccalaureate Institutions do not return for their 
second year [3]. The United Nations has pointed out that poverty, poor infrastructure, limited funding, and low quality 
of life in urban slums are major factors leading to poor educational outcomes in developing countries [4]. These 
challenges often result in delayed graduation, low self-esteem, and, in extreme cases, withdrawal from academic 
programs [3]. 

This trend highlights the urgent need for effective solutions that can improve both student retention and performance. 
One promising method is using predictive analytics and data mining techniques to identify at-risk students. This allows 
for proactive academic support [5]. Student Performance Prediction (SPP) is becoming an important area of research 
in Educational Data Mining (EDM) and Machine Learning. It goes beyond grades and looks at the skills and knowledge 
needed for academic and societal success [6]. By using historical and behavioral data, SPP offers useful insights for 
everyone involved. Students can plan their learning paths, instructors can adjust their teaching methods, and 
institutions can improve retention with targeted support [6]. 

http://creativecommons.org/licenses/by/4.0/deed.en_US
https://gjeta.com/
https://doi.org/10.30574/gjeta.2025.25.1.0311
https://crossmark.crossref.org/dialog/?doi=10.30574/gjeta.2025.25.1.0311&domain=pdf


Global Journal of Engineering and Technology Advances, 2025, 25(01), 193-200 

194 

Several studies have looked into the potential of SPP using various machine learning methods. Al Husaini and Shukor 
[7] conducted a review of literature from 2014 to 2020. They identified a wide range of internal factors, like entry grades 
and family support, as well as external factors, such as socioeconomic background and e-learning engagement, that 
influence academic outcomes. They noted that female students generally show more persistence. Similarly, Tjandra et 
al. [8] analyzed over 250 studies on SPP. They found that most of these studies focused on monitoring learning activities 
(67.2%). Fewer studies (9.2%) addressed dropout prevention. Feng et al. [9] demonstrated the use of machine learning 
to predict academic performance, along with standardized tests, teacher ratings, and classroom observations. 

With more schools using digital technologies and having access to a lot of student data, Educational Data Mining (EDM) 
offers new chances to gather knowledge and improve learning outcomes. This study adds to this expanding area by 
using supervised machine learning algorithms, specifically Logistic Regression, to predict student performance in 
Nigerian schools. The insights gained are meant to help with curriculum design, guide academic interventions, and 
improve overall student success in both internal and external examinations. 

The aim of the study is to develop a student performance prediction system using Logistic Regression model that 
predicts student performance and student Cumulative Grade Point Average (CGPA) respectively. 

Objectives 

The specific objectives of the study are 

• To evaluate the relationship between student performance and their grades. 
• To identify critical features that contribute to student performance. 
• To design and develop a Logistic Regression model to predict student performance. 
• Evaluate the model accuracy and performance. 

2. Literature review  

2.1. Educational Data Mining (EDM) and Learning Analytics (LA) 

Educational Data Mining (EDM) and Learning Analytics (LA) have become important methods for tackling issues like 
student retention, dropout rates, and overall performance in higher education. EDM uses computational and statistical 
techniques to find meaningful patterns in large datasets created by students. Meanwhile, LA focuses on interpreting this 
data to generate actionable insights [10], [11]. 

Romero and Ventura [12] examined how EDM can predict academic performance. They emphasized the use of 
classification, clustering, and association rules. These methods help educational institutions identify risks of failure, 
suggest personalized learning paths, and support adaptable curricula. Similarly, Siemens and Long [11] explained that 
LA allows institutions to monitor students in real time, which enables early interventions to enhance outcomes. 

Both EDM and LA are now critical in developing predictive models for student outcomes, enhancing resource allocation, 
and designing interventions for retention and success [10]-[14]. Frameworks in EDM typically emphasize predictive 
modeling using algorithms such as Support Vector Machines (SVM), Random Forests (RF), and Gradient Boosting (GB), 
while LA frameworks focus on systematic data collection and reporting to inform pedagogical decisions [10], [13]-[15]. 
Hybrid approaches that integrate EDM and LA are increasingly popular, providing comprehensive pipelines that include 
preprocessing, feature selection, model validation, and deployment for predictive and recommendation systems [15]. 
The relationship between EDM and LA lays the groundwork for predictive analytics in education. This combination 
equips stakeholders with data-driven strategies aimed at improving learning outcomes and the effectiveness of 
institutions. 

2.2. Predictive Modeling in Education 

Predictive modeling techniques are increasingly used to estimate student performance indicators like grade point 
average (GPA), exam scores, and dropout risk. Earlier models mostly relied on regression analysis, but recent studies 
show a growing preference for machine learning methods, including random forests, gradient boosting, and support 
vector machines [16]-[21]. These algorithms effectively capture nonlinear relationships, making them a good fit for 
complex educational data. 
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However, "black-box" models have a drawback: they are hard to interpret. Because of this, regression-based approaches 
still hold value, especially in academic settings where transparency and explanation matter as much as accuracy [13], 
[15], [22]-[25]. Logistic regression, in particular, strikes a balance between predictive performance and interpretability. 
It helps stakeholders pinpoint the relative importance of factors like academic preparation, socioeconomic background, 
and learning engagement in determining student success. 

2.3. Logistic Regression in Student Performance Prediction 

Logistic regression (LR) is commonly used to predict binary outcomes like pass/fail, success/dropout, or retention/non-
retention. The logistic function that forms the basis of LR is expressed as 

ℎ𝜃(𝑥) =
1

1+𝑒−𝜃𝑇𝑥
         (I) 

where 𝜃 represents the parameter vector, and 𝑥 is the input feature vector [24], [26]. The model parameters are 
improved by reducing the cost function 

𝐽(𝜃) = −
1

𝑚
∑ [𝑦(𝑖) log (ℎ𝜃(𝑥(𝑖))) + (1 − 𝑦(𝑖)) log (1 − ℎ𝜃(𝑥(𝑖)))]𝑚

𝑖=1 +
𝜆

2𝑚
∑ 𝜃𝑗

2𝑛
𝑗=1            (II) 

Here, the inclusion of the regularization term  
𝜆

2𝑚
∑ 𝜃𝑗

2𝑛
𝑗=1  helps prevent overfitting, which is common in high-

dimensional educational datasets [25], [27]. 

Logistic regression is a common method in educational data mining for binary classification tasks, like predicting 
whether a student will succeed or fail. It calculates the probability of an input belonging to a specific class, usually by 
applying a logistic function to a linear combination of features. The output can be seen as a probability, and by setting a 
threshold, often at 0.5, instances are sorted into one of two categories. The model is simple and easy to understand. It 
can also include regularization techniques like Lasso (L1) or Ridge (L2), making it effective for dealing with noisy or 
small datasets often found in educational research. These benefits keep logistic regression a popular option for tasks 
such as predicting student performance and identifying at-risk students early [24], [27]. 

Logistic regression is popular in educational research because it can handle categorical variables and provide clear 
model parameters. This helps educators make decisions based on data. The model is also affordable to run, offers 
probabilities, and is flexible for both binary and multiclass situations. This makes it useful for predicting student 
engagement and timely submissions. However, it has some drawbacks. It can overfit, especially with small datasets, and 
it struggles to capture complex, nonlinear relationships found in educational data. While logistic regression is 
transparent, this can sometimes lower predictive accuracy compared to more complex models like deep learning or 
random forests. Additionally, problems with data quality and the model’s limited assumptions may lessen its 
effectiveness in various educational settings [13], [25], [28]. 

3. Methodology 

This study followed a structured approach to create and use a predictive model for student performance through 
Logistic Regression. The process included the following stages: data collection, data pre-processing, model 
development, model evaluation, and deployment. Each stage is explained in detail below. 

3.1. Data Collection 

A reliable dataset is crucial for effective model training. This study used the GTZAN dataset as the main source because 
it's widely recognized in music genre classification. GTZAN has 1,000 audio clips evenly spread across 10 genres, such 
as jazz, rock, classical, and blues. This provides a balanced representation for evaluation. 

To address the limited size of labeled data and improve model robustness, data augmentation techniques were applied. 
These include 

• Pitch Shifting: Adjusting the pitch without changing the tempo. 
• Time Stretching: Modifying the playback speed while maintaining pitch. 
• Adding Noise: Introducing synthetic noise to simulate real-world recording conditions. 

These techniques create synthetic variations of the dataset, increasing diversity and enhancing generalization. 
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3.2. Data Pre-processing 

Feature extraction bridges the gap between raw audio and machine learning models by converting audio signals into 
structured representations. Using Python's Librosa library, the following features were extracted: 

• Data cleaning: Addressing missing values, fixing inconsistencies, and removing irrelevant attributes. 
• Feature selection: Finding which variables are most relevant for predicting performance. 
• Transformation: Encoding categorical variables and normalizing data when needed to improve model stability. 

3.3. Data Splitting 

To ensure a fair evaluation of the predictive model, the dataset was divided using the 75/25 ratio into two parts: a 
training set for fitting the model and a testing set for checking its performance. This split is crucial to how well a model 
generalizes to new, unseen data and avoid overfitting, which occurs when a model memorizes the training data instead 
of learning general patterns. 

Table 1 Description of part of the dataset 

# COLUMN TYPE DESCRIPTION 

0 Age int Student’s Age 

1 Gender object Student’s Gender 

2 Family_income object Family’s Income 

3 Parent_education_level object Parent’s Education Level 

4 School object Student’s Faculty 

5 Level int Student’s Level 

6 100_level_cgpa int Student’s CGPA at 100 level 

7 Student’s CGPA at 100 level int Student’s CGPA at current level 

3.4. Model Development 

The Logistic Regression model was created using the Scikit-learn Python library. The training aimed to reduce 
prediction error by adjusting model parameters through repeated optimization. The logistic function and cost function, 
with a regularization term, guided this process to balance accuracy and generalization. 

3.5. Model Evaluation 

After training, the model was tested on the test set, with accuracy as the main performance measure. Additional 
evaluations looked at true positives, false positives, true negatives, and false negatives to give a full performance 
assessment. Functions from Scikit-learn were used to calculate these metrics and ensure reliable interpretation of the 
results. 

3.6. Data Visualization 

Exploratory data visualization was conducted using Seaborn in Python. Pair plots were created to show the 
relationships between academic and lifestyle features. These visualizations helped to identify correlations, trends, and 
potential predictor variables that could impact student performance. 

3.7. Model Deployment 

The final phase involved deploying the trained model with Django, a Python web framework. The Logistic Regression 
model was serialized using Pickle to allow it to be stored as a binary file and reused within the web interface. This 
integration lets users enter student attributes and receive real-time predictions about academic risks, which supports 
timely interventions. 
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Figure 1 System Architecture 

Figures 2 and 3 presents the results of the model.  Fig 2 shows the confusion matrix for the Logistics Regression 
algorithm, which describes the performance of the algorithm by summarizing the correct and incorrect predictions for 
each category. Fig. 3 demonstrates the feature importance tool which was added to provide insights on features which 
have significant impact on the prediction model. The model was evaluated to determine how well the model will 
perform on new, unseen data. The evaluation metrics used in this project is accuracy, precision, recall and F1-score. 
These metrics help evaluate the model by analysing the number of true positives, false positives and false negatives. 
With the use of functions from Scikit-learn Python package, the metrics results are as follows: 

• Accuracy: 0.95 
• F1 Score: 0.91 
• Precison:0.96 
• Recall: 0.89 
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Figure 2 Confusion Matrix for Logistics Regression 

 

 

Figure 3 Feature Importance for Logistics Regression 

When compared to other classification algorithms such as Random Forest, Support Vector Machine and Gradient 
Boosting Regresso, Logistic Regression showed a better degree of accuracy of 95% making it the best choice model for 
predicting student performance. This makes the system a veritable tool for educators to not just recognize students in 
danger of failing but also understand patterns and variables that affect their performance. 

4. Conclusion 

This study successfully developed a Student Performance Prediction System that applies machine learning algorithms 
and techniques to predict student’s grade based on previous academic performance, behavioural attributes, family 
relationship and demographic information. Logistic Regression was used to predict overall student performance based 
on selected features and the overall performance rating of students. It has a high accuracy of 95% making it a tool for 
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educators in identifying students who are at danger of failing and providing them with required support to enhance 
academic support. The results demonstrated that machine learning algorithms can effectively classify student into 
different performance categories, helping educators and administrators make decisions.  
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