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1. Introduction
Cardiovascular diseases (CVDs), particularly heart disease, are among the leading
causes of morbidity and mortality worldwide. According to the World Health
Organization (WHO), an estimated 17.9 million people die each year from CVDs,
accounting for nearly one-third of global deaths. Early detection and accurate
classification of individuals at risk are critical to reducing the burden of these diseases
and improving population health outcomes.

ARTICLE INFO

Keywords:Heart Disease
Risk, Statistical
Modeling, Logistic
Regression, Machine
Learning, Random
Forest, Neural Networks

Corresponding Author:
Bushra Shehzadi,
Department of
Statistics , The Women
University Multan,
Pakistan

ABSTRACT

Heart disease remains a leading cause of morbidity and mortality
worldwide, necessitating robust statistical methods for early detection
and risk prediction. This study applies multiple statistical and machine
learning techniques, including Logistic Regression, Random Forest, and
Neural Networks, to analyze a clinical dataset of 1,025 observations
with 14 variables related to demographic, physiological, and
biochemical parameters. The study evaluates model performance using
accuracy, sensitivity, specificity, and AUC metrics, while also assessing
multicollinearity, correlation structures, and variable significance
through standardized coefficients and information criteria (AIC/BIC).
The Logistic Regression model achieved an AUC of 0.83, indicating
strong predictive capability, whereas ensemble methods required
parameter tuning to improve specificity. The results highlight key risk
factors including chest pain type, ST depression, maximum heart rate,
and number of major vessels, offering data-driven insights for
preventive healthcare strategies.
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Statistical modeling and machine learning techniques provide powerful tools to
analyze complex relationships between clinical parameters and disease outcomes. By
examining demographic, physiological, and biochemical variables simultaneously,
researchers can identify key risk factors and develop predictive models for early
diagnosis.
In recent years, techniques such as logistic regression, Random Forest, and Neural
Networks have been increasingly applied in medical research to improve diagnostic
accuracy and support clinical decision-making. However, there is a need for
comparative studies evaluating the performance and interpretability of these methods
in heart disease risk prediction.
This study aims to bridge this gap by performing a comprehensive statistical analysis
and classification of heart disease risk using multiple clinical parameters. The findings
offer insights into the most significant predictors and provide recommendations for
integrating statistical and machine learning approaches into preventive healthcare
strategies.
2. Literature Review
Previous studies have explored risk factors such as hypertension, cholesterol levels,
diabetes, and behavioral aspects using regression and survival models (Poulter, 1999;
Haffner, 2000). Machine learning approaches, including Random Forests and Neural
Networks, have shown promise in capturing non-linear relationships between
variables (Carney & Freedland, 2017). However, comparisons between classical
statistical models and modern machine learning algorithms remain limited in heart
disease prediction contexts.
3. Methodology
The dataset, sourced from the Kaggle Heart Disease repository, comprises 1,025
observations across 14 variables including age, sex, chest pain type, resting blood
pressure, cholesterol, fasting blood sugar, resting ECG, maximum heart rate, exercise-
induced angina, ST depression, slope of ST segment, number of major vessels, and
thalassemia type. Descriptive statistics summarize variable distributions, followed by
correlation analysis and multicollinearity assessment using Variance Inflation Factor
(VIF). Predictive models include Logistic Regression, Random Forest, and Neural
Networks. Model selection relies on accuracy, AUC, sensitivity, specificity, and
information criteria (AIC/BIC).The best-performing model was selected based on
higher AUC and balanced sensitivity-specificity performance.
4. Results and Discussion
Descriptive analysis revealed a mean age of 54.4 years with 51.3% of participants
diagnosed with heart disease. Correlation analysis identified chest pain type,
maximum heart rate, and slope as positively associated with heart disease, while
exercise-induced angina and ST depression exhibited negative correlations. Logistic
Regression yielded significant predictors (p<0.05) including chest pain, ST depression,
number of vessels, and maximum heart rate, achieving an AUC of 0.83. Random
Forest models demonstrated high sensitivity but low specificity, suggesting overfitting
risks without parameter tuning. Neural Networks underperformed due to limited
training data and parameter optimization needs.
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g data

target 1025 0 1025 0.000 1.000 0.513 0.500
age 1025 0 1025 29.000 77.000 54.434 9.072
sex 1025 0 1025 0.000 1.000 0.696 0.460
cp 1025 0 1025 0.000 3.000 0.942 1.030

trestbps 1025 0 1025 94.000 200.000
131.61
2 17.517

chol 1025 0 1025 126.000 564.000
246.00
0 51.593

fbs 1025 0 1025 0.000 1.000 0.149 0.357
restecg 1025 0 1025 0.000 2.000 0.530 0.528

thalach 1025 0 1025 71.000 202.000
149.11
4 23.006

exang 1025 0 1025 0.000 1.000 0.337 0.473
oldpeak 1025 0 1025 0.000 6.200 1.072 1.175
slope 1025 0 1025 0.000 2.000 1.385 0.618
ca 1025 0 1025 0.000 4.000 0.754 1.031
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Multicollinearity statistics
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cp 0.485 0.057 72.521 <0.0001 0.373 0.596
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chol -0.161 0.058 7.603 0.006 -0.276 -0.047
fbs -0.020 0.056 0.126 0.723 -0.130 0.090
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ROC Curve - Neural Network
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Pie Chart

5. Conclusion and Recommendations
Statistical and machine learning techniques offer complementary strengths in heart
disease risk prediction. Logistic Regression provides interpretable results with strong
discriminatory power, while Random Forest and Neural Networks require further
optimization for clinical deployment. Future research should focus on larger datasets,
feature engineering, and ensemble learning to enhance specificity and overall
predictive accuracy.
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