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Abstract - Heart disease remains a leading cause of mortality worldwide, necessitating early
diagnosis and preventive healthcare strategies. With the increasing integration of machine learning
(ML) into medical analytics, predictive models have become instrumental in enhancing the accuracy
and efficiency of heart disease diagnosis. This review investigates recent advancements in heart disease
prediction using ML algorithms,Emphasis is placed on widely adopted models such as Decision Trees,
Random Forest, Naive Bayes, Logistic Regression, K-Nearest Neighbors, and XGBoost.These
algorithms have demonstrated significant potential in identifying complex patterns in clinical datasets,
surpassing traditional statistical methods in adaptability and predictive power. Various studies have
highlighted the strengths of each algorithm: Decision Trees and Logistic Regression offer high
interpretability, while ensemble techniques like Random Forest and XGBoost deliver superior accuracy
and robustness. Naive Bayes proves effective with limited data, and KNN is noted for its performance
in normalized, noise-free environments.The review also discusses the relevance of datasets like the UCI
Cleveland Heart Disease Dataset and the critical role of preprocessing techniques such as
normalization, imputation, and feature selection. Evaluation metrics including accuracy, precision,
recall, Fl-score, and ROC-AUC are analyzed for their effectiveness in assessing diagnostic
performance. Furthermore, hybrid and ensemble methods have shown promise in boosting predictive
outcomes through model integration and optimization.This paper concludes by emphasizing the
importance of algorithm selection, data quality, and preprocessing in developing reliable ML-based
heart disease prediction systems. The insights presented aim to guide future research and support
clinical decision-making through intelligent, data-driven solutions.
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l. Introduction

Heart disease encompasses a spectrum of accounts for 32% of all global deaths. Despite
disorders that affect the structure and function medical advancements and  awareness
of the heart. These range from coronary artery programs, the incidence of heart disease
disease (CAD) and arrhythmias to heart failure remains high, highlighting the need for
and structural heart defects. Among these, ongoing research, prevention strategies, and
CAD——characterized by the narrowing or healthcare innovation.

blockage of the coronary arteries due to

atherosclerotic plaque buildup—is the most 1. Types of Heart Disease

common and deadliest form. The condition Heart disease is a broad term that encompasses
impairs blood flow to the heart, potentially a range of cardiovascular conditions affecting
leading to angina, myocardial infarction (heart the heart and blood vessels. Each type varies in
attack), or sudden cardiac death.The World The most common types include:

Health Organization (WHO) reports that I1. 1. Coronary Artery Disease (CAD)

cardiovascular diseases, including all forms of
heart disease, are responsible for an estimated
17.9 million deaths globally each year, which

Coronary Artery Disease is the most prevalent
form of heart disease. It occurs when the
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coronary arteries that supply blood to the heart
muscle become narrowed or blocked due to
plaque buildup (atherosclerosis). This reduces
oxygen-rich blood flow, leading to chest pain
(angina), heart attacks (myocardial infarction),
or heart failure.
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Figure.1 Types of Heart Disease
Il. 2. Heart Arrhythmias

Arrhythmias refer to abnormal heart rhythms
caused by improper electrical impulses
regulating the heartbeat. Types include:

Tachycardia (fast heartbeat), Bradycardia
(slow heartbeat)Atrial Fibrillation (AFib):
Irregular and often rapid heartbeat, Ventricular
Fibrillation: Life-threatening rhythm requiring
immediate medical attention

11.3. Heart Failure

Heart failure, also known as congestive heart
failure (CHF), occurs when the heart is unable
to pump blood efficiently to meet the body’s
needs. It may result from weakened heart
muscles (systolic failure) or stiffened heart
chambers (diastolic failure), often due to
prolonged CAD, hypertension, or previous
myocardial infarction.

11.4. Cardiomyopathy

This disease affects the heart muscle, making it
harder for the heart to pump blood. Types
include:

Dilated Cardiomyopathy: Enlarged and
weakened heart chambers, Hypertrophic
Cardiomyopathy: Abnormal thickening of the
heart muscle, Restrictive Cardiomyopathy:
Stiffness of the heart muscle restricting blood
filling

I1.5. Congenital Heart Disease
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These are structural heart defects present at
birth. They may involve abnormalities in the
heart walls, valves, or blood vessels. Common
types include:

Atrial Septal Defect (ASD),Ventricular Septal
Defect (VSD),Tetralogy of Fallot Some may
require surgical correction in infancy or early
childhood.

I1. 6. Valvular Heart Disease

This occurs when one or more of the heart’s
valves do not function properly, affecting
blood flow direction. Conditions include:

Aortic Stenosis: Narrowing of the aortic valve,
Mitral Valve Prolapse ,Regurgitation or
Insufficiency: Leaking of blood backward due
to valve dysfunction

I1. 7. Pericardial Disease

Pericardial diseases involve inflammation or
infection of the pericardium, the sac
surrounding the heart. Examples:

Pericarditis: Inflammation of the pericardium,
Pericardial Effusion: Fluid buildup around the
heart, Constrictive Pericarditis

I1. 8. Rheumatic Heart Disease

A complication of rheumatic fever, often
following untreated streptococcal throat
infections. It results in permanent damage to
the heart valves due to inflammation.

11.9. Ischemic Heart Disease (IHD)

This refers broadly to conditions caused by
reduced blood flow to the heart, often used
interchangeably with CAD. It can lead to chest
pain and increased risk of heart attack.

I1. 10. Inflammatory Heart Disease

This includes conditions where the heart
tissues become inflamed due to infections or
autoimmune reactions, such as:Myocarditis
(inflammation  of the heart muscle),
Endocarditis (inflammation of the inner heart
lining)
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I11. Method

To address the challenge of early detection of
heart disease, this study proposes a
methodological framework that integrates data
preprocessing, feature engineering, algorithm
selection, and model validation. The objective
is to develop robust machine learning models
capable of accurately identifying early signs
and risk factors associated with heart disease
onset.

Data Collection

Acquire a comprehensive dataset containing
diverse  patient information, including
demographic details, medical history, lifestyle
factors (e.g., smoking, exercise), and clinical
test results (e.g., blood pressure, cholesterol
levels, electrocardiogram).

Data Preprocessing

Handling Missing Data: Impute missing values
using appropriate  techniques such as
mean/mode imputation or advanced imputation
methods like K-nearest neighbors (KNN) or
predictive modeling. Normalization and
Scaling: Normalize numerical features to a
standard scale (e.g., using Min-Max scaling or
Z-score normalization) to ensure uniformity
and mitigate the impact of different feature
scales. Adjust the range of numerical features
to a common scale, typically [0, 1]. For
example, Min-Max scaling where each feature
value is rescaled as follows:

X norm = X— Xmin / Xmax =Xmin

Standardization: Transform features to have a
mean of 0 and a standard deviation of 1, which
is particularly useful for algorithms like SVM
and KNN. This can be done using

T —

Lstd — o

Encoding Categorical Variables

To ensure compatibility with machine learning
algorithms, categorical variables must be
converted into numerical representations:
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One-Hot Encoding: Converts each category
into a binary feature. For instance, smoking
status categories (“"current”, "former", "never")

become three distinct binary features.

Label Encoding: Assigns unique integers to
categories, ideal for ordinal features like
physical activity levels ("low", "medium",
"high" — 0, 1, 2).

[ Data Input J
Data Preprocessing (Removing Chatliars, Chacking
Distribution, Handling missing value, Duplicats Valus)
[ Data Encoding ]
[ Applying Data Transformation te some input variabls{Az= and BMI) ]
[ Crzating Map(hzan Arterisl Prassurs) Variable using Input Paramstars ]
[ Feature Extraction & Correlation Caleulation ]
[ Splitting Data in 80:20 Ratio Randomly l
[ Training Model on different Alsorithm ]
[ Testing Model on differant Algorithm ]
[ Rasult Evaluation J

Figure .2 Proposed Flow Chart
Data Transformation (Age and BMI)

Normalization is applied to scale continuous
variables like Age and BMI to a [0, 1] range.
This prevents features with larger scales from
dominating the model's learning process and
enhances algorithm performance.

Mean Arterial Pressure (MAP) Calculation

MAP, a critical cardiovascular indicator, is
calculated using:

MAP = (SBP + 2 x DBP) / 3
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This derived feature enhances the dataset’s
clinical relevance.

Feature Extraction

Feature extraction involves selecting and
transforming relevant variables from raw data.
This includes:

Demographic (Age, Sex) ,Lifestyle (Smoking,
Diet, Physical Activity)

Clinical (BP, Cholesterol, Blood Sugar, BMI)
Derived features such as Pulse Pressure (SBP
— DBP) and BMI categories are also used.
Data cleaning (handling missing values and
outliers), normalization, and standardization
(Z-score) are essential preprocessing steps.

Dataset Splitting

Data is randomly split into 80% training and
20% testing subsets using train_test_split from
scikit-learn, with random_state set for
reproducibility.

Model Training
Seven machine learning models are evaluated:

Logistic Regression: Binary classification
using a sigmoid function.K-Nearest Neighbors
(KNN): Classifies based on majority vote of k
closest data points using Euclidean distance.

Naive Bayes: Probabilistic classifier assuming
feature independence.

Decision Tree: Splits data based on feature
values to build a classification tree.

Extreme Gradient Boost: Extreme Gradient
Boosting (XGBoost) is an advanced
implementation of gradient boosting, designed
for speed and performance. It builds an
ensemble of decision trees sequentially, where
each new tree corrects errors made by the
previous ones.

XGBoost minimizes a regularized objective
function, which combines a loss function
measuring the model's predictive accuracy and
a regularization term controlling model
complexity. This helps prevent overfitting.
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1V. Result

The performance of various machine learning
algorithms for heart disease prediction was
evaluated using key metrics including
accuracy, precision, recall, F1-score, and area
under the ROC curve (AUC). The dataset was
split into training (80%) and testing (20%)
sets, ensuring balanced class distribution. Each
model was trained on the preprocessed data
and tested on the unseen portion of the dataset.

Table 1 Data Distribution

sex cp Westhps chol fos resteeg thlach enang oldgeak slope ca thal farget

1 105

It's important to note that personal identifiers
such as names and social security numbers of
the patients have been removed from the
database and replaced with dummy values to
ensure privacy and confidentiality. This dataset
serves as a valuable resource for analyzing and
predicting heart disease, providing a wide
range of clinical and demographic data points
for robust analysis.

Exploratory Data Analysis

In this section, we perform an exploratory data
analysis (EDA) to understand the structure and
distribution of the dataset. We begin by
visualizing key features to observe patterns,
trends, and potential outliers

Age Distribution

The 'Age' attribute in this dataset provides
detailed information on the distribution of
patients' ages. The minimum recorded age is
29, while the maximum is 77, resulting in a
range of 48 years. The quantile statistics offer
further insights into the age distribution. The
5th percentile is at 39.1 years, the first quartile
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(Q1) is 47.5 years, the median age is 55 years,
the third quartile (Q3) is 61 years, and the 95th
percentile is 68 years. This indicates that the
middle 50% of the ages fall within an
interquartile range (IQR) of 13.5 years,
specifically between 47.5 and 61 years.
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Figure 3 Age Distribution

From the descriptive statistics, we observe that
the mean age of the patients is 54.36 years,
closely aligning with the median age of 55
years. This suggests a roughly symmetrical age
distribution, further supported by the skewness
value of -0.202, indicating a slight negative
skew. T

Frequency

Resting blood pressure

The attribute 'resting blood pressure' in this
dataset features a distinct count of 49,
indicating that there are 49 unique values
present within the dataset. This constitutes
16.2% of the data, highlighting a relatively low
uniqueness for this attribute.
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Figure 4 Blood Pressure
The mean resting blood pressure in the dataset
is 131.62, providing a central tendency
measure that suggests a moderately high
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average blood pressure among the patients.
The minimum recorded value for resting blood
pressure is 94, while the maximum value is
200, indicating a wide range of blood pressure
levels among the dataset's subjects.

Notably, there are no zero values in the dataset
for this attribute, further indicating that all
entries are valid resting blood pressure
measurements. The zeros percentage is thus
0.0%, affirming the absence of non-
informative data points.

Gender Distribution
Table:2 Gender Distribution

ale Gt Frquenc 4

Y |

Data Preprocessing

After initial data exploration, several key steps
are taken to prepare the dataset for further
analysis and modeling. Each step serves a
specific purpose, from data cleaning and
encoding to balancing and scaling the dataset.

First, the categorical columns in the dataset are
identified. Categorical columns contain non-
numeric data, which cannot be directly used in
most machine-learning algorithms. Therefore,
these columns need to be encoded into
numeric formats. The column "Gender" is
encoded by replacing "Female" with 0 and
"Male" with 1, making it a binary numeric
variable.

After encoding, the original categorical
columns are dropped from the dataset, as they
have been replaced by their encoded
counterparts. This ensures that all features in
the dataset are numeric, which is a requirement
for most machine-learning algorithms.

A correlation matrix is then computed to
identify the relationships between different
features. A heatmap is created to visualize
these correlations, highlighting features that
are highly correlated with each other. Features
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with a correlation coefficient greater than or
equal to 0.75 are considered highly correlated.
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Figure 5 Data preprocess output
These results indicate that the SVC model
performed well, with high precision, recall,
and F1-scores for both classes. The balanced
performance across all metrics highlights the
model's capability to accurately classify both
positive and negative instances, making it
effective for the Heart Disease Dataset.

Table:3 Different Model Evaluation

Model Accuracy

Logistic Regression 85.245902

Naive Bayes 85.245902

Random Forest 86.885246

Extreme Gradient 90.163934
Boost

K-Nearest Neighbour 88.524590

Decision Tree 81.967213

Support Vector 88.524590
Machine

V. Conclusion

This research comprehensively explored the
effectiveness of multiple machine learning
algorithms for heart disease prediction using a
structured and clinically relevant dataset. The
primary objective was to assess the predictive
performance of each model and their potential
utility in supporting early diagnosis and
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clinical decision-making in cardiovascular
care. Among the evaluated models, Extreme
Gradient Boosting (XGBoost) achieved the
highest predictive accuracy at 90.16%,
highlighting its strength in capturing complex,
non-linear patterns within medical data. Close
contenders such as K-Nearest Neighbors
(KNN) and Support Vector Machine (SVM)
also demonstrated robust performance with
accuracies of 88.52%, showcasing their
reliability in handling multi-dimensional,
nonlinear classification tasks relevant to heart
disease. The Random Forest model achieved
86.89% accuracy, benefiting from ensemble
learning’s ability to reduce overfitting and
improve generalization. Logistic Regression
and Naive Bayes, while simpler in
architecture, delivered consistent baseline
results with accuracies of 85.25%, making

them suitable for scenarios  requiring
interpretability and rapid  deployment.
Meanwhile, the Decision Tree algorithm,

although intuitive and easy to implement,
recorded a comparatively lower accuracy of
81.97%, suggesting limitations in capturing the
intricate relationships present in heart disease
risk factors..
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