International Journal of Mathematics and Computer Research

ISSN: 2320-7167

Volume 14 Special Issue 03 March 2026, Page no. — 128-131

Impact Factor: 8.751
DOI: 10.47191/ijmer/v14iSPC3.27

vwrratered Jowreal OF
Varmrnatos & asgadns Mommas b

VOLUME- 14

Jmie

Exploring Key Determinants of Student Academic Performance: A Real-

Data EDA and Regression Analysis

Swami Abhijeet Balasaheb, Dubey Vishal Ashok, Lembhe Akshata Vijay, Thorat Kanchan Arvind, Patil

Diksha Vilasrao

Department of Statistics, Dr. D. Y. Patil, Arts, Commerce & Science College, Pimpri, Pune, Maharashtra, India

ARTICLE INFO ABSTRACT
Published Online: This study performs an in-depth exploratory data analysis (EDA) and linear regression
16 March 2026 modeling on a real student exam dataset to identify factors associated with exam performance.

Predictors considered include hours studied, previous scores, attendance percentage, and sleep
hours. We present distributional analyses, correlation matrices, scatter plots with trend lines,
and an OLS regression model. Results indicate that hours studied, previous scores, and
attendance are positively associated with exam performance, while sleep hours show limited
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association in this sample. The paper provides reproducible figures and tables to support these
conclusions and discusses implications for educational interventions.
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I. INTRODUCTION

Education outcomes are influenced by multiple behavioral
and contextual factors. Quantifying the impact of study
habits, prior achievement, attendance, and lifestyle factors
helps in tailoring interventions. This work analyzes a real
dataset provided by the author to explore these relationships
and provide an empirically grounded discussion.

II. OBJECTIVE

1.To examine the key factors that influence student
academic performance using a real-world dataset containing
study habits, attendance, sleep duration, and previous
achievement.

2.To conduct a detailed exploratory data analysis (EDA) in
order to understand the distribution, trends, and relationships
among the variables affecting exam scores.

3.To build and evaluate a multiple linear regression model
that quantifies the impact of hours studied, attendance
percentage, previous scores, and sleep hours on student
exam performance.

4. To identify the strongest predictors of academic success
and interpret their practical relevance for students, teachers,
and educational institutions.

5. To provide data-driven insights that can guide educational
strategies and support evidence-based decision-making in
improving student outcomes.

III. LITERATURE REVIEW

Prior studies (e.g., Cortez & Silva, 2008) demonstrate that
parental background, study time, and previous achievement
are significant predictors of student performance.
Educational Data Mining provides tools for discovery; this
paper focuses on EDA combined with classical statistical
modeling to produce interpretable results for educators and
policymakers.

IV. DATA AND METHODOLOGY

Dataset: 'student_exam_scores.csv' (provided). Variables
used: hours_studied (numeric), sleep hours (numeric),
attendance percent (numeric), previous scores (numeric),
and exam score (numeric, dependent). Data cleaning
involved dropping rows with missing exam score and
converting types to numeric.

Methods: Descriptive statistics, Pearson correlation analysis,
scatterplots with OLS trend lines, and an OLS multiple
regression model with exam_score as the dependent variable
and hours_studied, previous scores, attendance percent,
and sleep hours as predictors. Statistical significance was
assessed at a = 0.05. All analysis was performed in Python
(pandas, matplotlib, scipy, statsmodels).
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V. ANALYSIS & RESULTS
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Fig.1: Distribution of Exam Scores
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Fig.2: Hours Studied vs Exam Score (scatter + trend

line)
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Fig.4: Attendance Percent vs Exam Score (scatter +
trend line)
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Fig.5: Sleep Hours vs Exam Score (scatter + trend line)
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Coefficient estimates:

const: coef = -2.142, std err = 1.671, t = -1.282, p = 2.013e-
01

hours_studied: coef = 1.555, std err = 0.060, t = 25.732, p =
1.308e-64

previous_scores: coef = 0.177, std err = 0.013, t = 13.995, p
=2.885e-31

attendance percent: coef = 0.108, std err = 0.014, t = 7.961,
p=1.377e-13

sleep_hours: coef = 0.952, std err = 0.132, t = 7.191, p =
1.343e-11

The regression model indicates that hours studied has a
positive and statistically significant association with
exam_score (coef = 1.555, p = 1.308e-64).

Previous_scores also shows a strong positive effect (coef =
0.177, p = 2.885e-31).

Attendance percent contributes positively (coef = 0.108),
and is statistically significant in this sample (p = 1.377e-13).
Sleep_hours coefficient is 0.952 with p = 1.343e-11,
indicating limited evidence of association in this dataset.

VI. DISCUSSION

Findings point to the importance of study duration and prior
achievement in explaining exam performance. Attendance
shows a beneficial relationship, suggesting that consistent
classroom presence aids outcomes. Sleep hours did not show
a reliable association, possibly due to limited variation or
measurement differences in the dataset. These results are
consistent with prior literature emphasizing study habits and
prior knowledge as key predictors.

VII. CONCLUSION & FUTURE WORK

This analysis identifies hours studied, previous scores, and
attendance as primary predictors of exam performance in the
supplied dataset. For publication readiness, we recommend:
(1) including control variables (socioeconomic status,
parental education), (2) expanding sample size, (3) applying
cross-validated predictive models, and (4) reporting
robustness checks. The included figures and tables allow
replication of the main findings.
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