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Abstract 

In recent years, educational institutions 

have increasingly turned to data-driven 

decision-making to enhance student 

outcomes. This research paper presents a 

machine learning approach for predicting 

student academic performance using 

socio-demographic and academic 

features. The study leverages publicly 

available data from secondary school 

students, incorporating attributes such as 

study time, past grades, parental 

background, and lifestyle factors. Several 

classification algorithms—including 

Logistic Regression, Decision Tree, 

Random Forest, Support Vector Machine 

(SVM), and K-Nearest Neighbors (KNN)—

were applied and compared based on 

accuracy and precision metrics. The 

results highlight the Random Forest 

classifier as the most effective model, 

achieving the highest accuracy in 

predicting final grades. The findings can 

support educators and policymakers in 

identifying at-risk students and providing 

timely interventions. This study 

demonstrates the potential of machine 

learning to foster academic success 

through early prediction and personalized 

support. 
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Introduction 

In the era of data-driven decision-making, 

the education sector is increasingly 

embracing technology to enhance learning 

outcomes, track student progress, and 

design personalized interventions. One of 

the most promising applications of 

artificial intelligence (AI) and machine 

learning (ML) in this domain is the 

prediction of student performance. 

Accurately predicting how students are 

likely to perform based on academic 

records, demographic information, 

behavioral traits, and socioeconomic 

indicators has far-reaching implications — 
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from improving teaching strategies to 

optimizing resource allocation and policy 

formulation. 

 

Figure1: Proposed approach for student 

performance prediction and feature 

extraction. 

Student performance prediction is not a 

new challenge in academia. Traditionally, 

educators have relied on subjective 

assessments and historical grades to 

forecast outcomes. However, this 

approach often lacks objectivity and fails 

to account for multifactorial influences. 

Today, the availability of large-scale 

student data and advancements in 

computational algorithms have opened 

the door to sophisticated prediction 

models that offer greater accuracy, 

transparency, and scalability. 

Machine learning, a subset of AI, is 

particularly well-suited for handling the 

complexity and volume of educational 

data. Supervised learning techniques such 

as Decision Trees, Random Forest, Support 

Vector Machines (SVM), and Artificial 

Neural Networks can model nonlinear 

relationships and detect hidden patterns 

that are not apparent through traditional 

statistical methods. These algorithms can 

classify students into performance 

categories such as "High", "Medium", or 

"Low", or predict numeric values such as 

final exam scores or GPA. 

An effective performance prediction 

system begins with careful data collection 

and preprocessing. Datasets often include 

academic metrics such as attendance, test 

scores, and assignment submissions; 

demographic details like gender and age; 

socioeconomic variables such as parental 

education and income; and psychological 

or behavioral indicators like motivation, 

learning style, or study hours. Handling 

missing data, encoding categorical 

variables, and feature scaling are crucial 

preprocessing steps that ensure the 

integrity and reliability of the ML model. 

Feature selection also plays a significant 

role in model performance. Irrelevant or 

redundant variables can reduce accuracy 

and increase computational overhead. 

Correlation analysis, mutual information 

scores, or algorithms like Recursive 

Feature Elimination (RFE) help identify the 

most impactful predictors. Once features 

are finalized, the dataset is typically 

divided into training and test sets, and ML 

models are trained to learn the mapping 

between input features and output 

performance. 

Model evaluation is essential to assess 

prediction accuracy and avoid overfitting. 

Common evaluation metrics include 

accuracy, precision, recall, F1-score, and 

the confusion matrix. Cross-validation 
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techniques such as k-fold validation 

ensure robustness and generalizability 

across different subsets of data. 

The real-world impact of such predictive 

systems is significant. Institutions can use 

the insights to identify at-risk students 

early and provide targeted academic 

support or counseling. Policy makers can 

prioritize funding for underperforming 

demographics, and educators can tailor 

pedagogy to meet diverse learning needs. 

In this research paper, we present a 

practical, easy-to-execute machine 

learning framework to predict student 

academic performance using Python and 

open-source tools. The model leverages 

both academic and socioeconomic data, 

applies popular ML algorithms, and 

evaluates performance across multiple 

metrics. The objective is not only to 

achieve high prediction accuracy but also 

to build a transparent and interpretable 

system that educators and stakeholders 

can use with confidence. 
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4. Research Methodology 

This research follows a structured 

methodology to predict student academic 

performance using machine learning 

models. The steps include: 

4.1. Dataset Collection: 

The student-mat.csv dataset contains 

student performance data related to a 

Mathematics course in a Portuguese 

secondary school. The purpose of the 

dataset is to predict student outcomes 

based on personal, social, and academic 

factors. It is widely used for educational 

data mining and machine learning 

research. 

Figure2: Sample Snapshot of the Student 

Performance Dataset (student-mat.csv) 

This table displays the first five rows and a 

subset of the 33 columns from the 

dataset. It includes demographic 

attributes (e.g., gender, age, school), 

family background (e.g., parental 

education and job), lifestyle habits (e.g., 

alcohol consumption, free time), and 

academic scores (G1, G2, G3). This 
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structured format allows for effective 

modeling and analysis of student 

performance using machine learning 

techniques. 

Structure of the Dataset 

 Total Records: 395 students (rows) 
 Total Attributes: 33 columns 

(variables) 
 Target Variable: G3 (final grade in 

Math, ranging from 0 to 20) 

Types of Attributes 

1. Personal and Demographic Attributes 

Column 
Name 

Description Type 

School Student’s school (GP - 
Gabriel Pereira or MS 
- Mousinho da 
Silveira) 

Categorical 

Sex Gender (F - Female 
or M - Male) 

Categorical 

Age Age of the student 
(from 15 to 22) 

Numeric 

Address Home address type 
(U - Urban or R - 
Rural) 

Categorical 

Famsize Family size (LE3 - ≤3, 
GT3 - >3) 

Categorical 

Pstatus Parent's cohabitation 
status (T - together or 
A - apart) 

Categorical 

2. Parental and Family Background 

Column 
Name 

Description Type 

Medu Mother's education 
level (0-4) 

Numeric 

Fedu Father's education 
level (0-4) 

Numeric 

Mjob Mother’s job type Categorical 
Fjob Father’s job type Categorical 
reason Reason for choosing 

this school 
Categorical 

guardian Student's guardian 
(mother, father, 
other) 

Categorical 

 

3. Academic & School-Related Features 

Column 
Name 

Description Type 

Studytime Weekly study time (1: 
<2 hours to 4: >10 
hours) 

Numeric 

Failures Number of past class 
failures (0 to 3) 

Numeric 

Schoolsup Extra educational 
support (yes/no) 

Binary 

Famsup Family educational 
support (yes/no) 

Binary 

Paid Extra paid classes in 
Math 

Binary 

Activities Extracurricular 
activities 

Binary 

Internet Internet access at 
home 

Binary 

Nursery Attended nursery 
school 

Binary 

Higher Aspires to pursue 
higher education 

Binary 

4. Social and Lifestyle Factors 

Column 
Name 

Description Type 

Romantic In a romantic 
relationship 

Binary 

Famrel Quality of family 
relationships (1 to 5) 

Numeric 

Freetime Free time after school 
(1 to 5) 

Numeric 

Goout Going out with friends 
(1 to 5) 

Numeric 

Dalc Workday alcohol 
consumption (1 to 5) 

Numeric 

Walc Weekend alcohol 
consumption (1 to 5) 

Numeric 

Health Current health status 
(1 to 5) 

Numeric 

Absences Number of school 
absences 

Numeric 

5. Performance Grades 

Column 
Name 

Description Type 

G1 Grade in first period 
(0–20) 

Numeric 
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G2 Grade in second 
period (0–20) 

Numeric 

G3 Final grade in Math 
(target) 

Numeric 

 

Target of Analysis: 

The goal is to predict: 

• The G3 final score directly (regression), 

or 

• Whether a student will pass/fail based 

on G3 (classification), using all or selected 

features. 

4.2. Data Preprocessing 

This includes handling missing values, 

encoding categorical variables, and 

feature normalization. 

 

Figure 3: Normalized Student 
Performance Dataset for Machine 
Learning 

This image shows the first five rows of the 

student dataset after normalization. All 

features, including categorical and 

numerical variables (e.g., sex, age, 

parental education, alcohol consumption, 

academic grades), have been scaled 

between 0 and 1 to ensure uniformity. 

This preprocessing step is crucial for 

improving the performance and 

convergence of machine learning 

algorithms. 

4.3. Feature Selection 

We use correlation analysis to select the 
most relevant features for predicting the 
final grade (G3). 

 

Figure 4: Feature Correlation Matrix of 
Student Performance Dataset 

This heatmap visualizes the Pearson 

correlation coefficients among all 33 

features in the student performance 

dataset. Strong positive correlations (red) 

and negative correlations (blue) help 

identify influential variables. Notably, the 

final grade G3 shows strong correlation 

with G1 and G2, while features like 

parental education (Medu, Fedu), study 

time, and failures also influence academic 

outcomes. This matrix aids in feature 

selection and multicollinearity analysis 

during model development. 

4.4. Model Training 

Train multiple models and evaluate which 
one performs best. 
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Figure 5: MAE and R2 Score 

This image displays the Mean Absolute 

Error (MAE) and R-squared (R2) Score, two 

key metrics used to evaluate the 

performance of a regression model. The 

MAE indicates an average absolute 

difference of approximately 0.07 between 

predicted and actual values, suggesting 

good accuracy. The R2 score of roughly 

0.77 implies that about 77% of the 

variance in the dependent variable can be 

explained by the independent variables in 

the model, indicating a reasonably good 

fit. 

4.5. Evaluation and Visualization 

Evaluate prediction accuracy and visualize 
model performance. 

 

Figure 6 : Actual vs. Predicted Student 

Performance. 

A scatter plot comparing the actual 

student grades against the predicted 

grades from a model. The red dashed line 

represents the ideal scenario where 

predicted values perfectly match actual 

values. 
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