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1  Introduction:

Abstract
Cardiovascular diseases (CVDs) remain one of the leading causes of mortality

worldwide, underscoring the urgent need for accurate and proactive prediction
models. This study presents a novel machine learning-based approach for heart
disease prediction, emphasizing the integrated analysis of clinical data and
lifestyle factors that are often underrepresented in traditional models. A hybrid
framework was developed, combining advanced feature selection techniques
with ensemble learning algorithms to enhance both predictive accuracy and
model robustness. A key contribution of this work lies in a comprehensive
feature engineering strategy that captures interaction effects among lifestyle
variables—such  as diet, physical activity, and stress levels—alongside
conventional clinical indicators. The model was trained and evaluated on a
diverse patient dataset to ensure broader generalizability across populations.
Experimental results ‘demonstrate a mnotable improvement owver existing
approaches, achieving an Area Under the Curve (AUC) of 0.90, with strong
capability in identifying high-isk individuals. In addition, an in-depth feature
importance analysis was conducted to identify the most influential risk factors,
providing meaningful insights to support clinical decisionmaking and
personalized healthcare interventions. The findings highlight the critical role
of lifestyle factors in cardiovascular risk assessment and demonstrate the
effectiveness of combining them with clinical data. Owerall, this research
contributes to the advancement of heart disease prediction by offering a more
comprehensive, accurate, and practical framework for early diagnosis and
breventive care.

intelligence, enables systems to learn from data

Heart disease remains one of the leading causes
of mortality worldwide, and with the increasing
prevalence of risk factors such as obesity,
diabetes, and sedentary lifestyles, the need for
approaches to diagnosis and
treatment has never been more critical [1] The
integration of machine learning (ML) in the field
of cardiology presents a transformative
opportunity to improve patient outcomes by
leveraging large datasets for predictive analytics,
risk stratification, and personalized medicine [2].
Machine learning, a subset of artificial

innovative

patterns and make decisions with minimal
human intervention. In the context of heart
disease, ML algorithms can analyze complex
datasets that include clinical, genetic, and
lifestyle information to identify risk factors and
predict the likelihood of cardiovascular events.
Traditional methods of risk assessment often
rely on established clinical guidelines, which
may not capture the nuanced interactions
between various risk factors. In contrast, ML
models can uncover hidden patterns in data,
leading to more accurate risk predictions and
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better-targeted interventions [3]. Recent studies
have demonstrated the efficacy of machine
learning in predicting heart disease. For
instance, a study by Deo (2015) utilized ML
algorithms to analyze electrocardiogram (ECG)
data, achieving high accuracy in diagnosing
arrhythmias. Similarly, a meta-analysis by
Krittanawong et al. (2017) highlighted the
potential of ML in predicting heart failure and
myocardial infarction using electronic health
records. These advancements underscore the
importance of integrating machine learning into
clinical practice, as they can facilitate early
detection and intervention, ultimately reducing
morbidity and mortality associated with heart
disease.

Moreover, the application of ML extends
beyond prediction; it also encompasses
personalized treatment strategies. By analyzing
individual patient data, ML algorithms can help
clinicians tailor interventions based on specific
risk profiles, enhancing the efficacy of treatment
plans [4] For example, a recent study by Attia et
al. (2019) demonstrated that ML could be used
to predict atrial fibrillation in patients, allowing
for timely interventions that could prevent
stroke and  other complications. The
intersection of machine learning and heart
disease presents a promising frontier @ in
cardiovascular medicine. As research continues
to evolve, healthcare professionals must embrace
these technological advancements to improve
patient outcomes. The potential for machine
learning to revolutionize the diagnosis,
treatment, and prevention of heart disease is
immense, paving the way for a future where
personalized medicine becomes the standard of
care [5]. The depth of machine learning's impact
on heart disease lies in its ability to analyze and
interpret complex, high-dimensional data that
would be overwhelming for human analysis.
Traditional methods often rely on a limited set
of variables and linear relationships, whereas ML
algorithms can consider hundreds or even
thousands  of  variables  simultaneously,
identifying intricate patterns and non-linear
relationships that are often missed by
conventional approaches.

One of the key advantages of ML is its capacity
for predictive modeling. By training algorithms
on large datasets of patient information,

including demographics, medical history, lab
results, imaging data, and lifestyle factors, ML
models can learn to predict the likelihood of
future cardiovascular events. This predictive
capability is particularly valuable in identifying
high-risk individuals who may benefit from early
intervention. For example, ML models can be
trained to predict the risk of heart attack, stroke,
or heart failure, allowing healthcare providers to
proactively implement preventive measures such
as lifestyle  modifications,
adjustments, or advanced diagnostic testing [6)].
Moreover, machine learning algorithms can
enhance the accuracy and efficiency of diagnosis.
For instance, ML can be applied to analyze
medical images, such as echocardiograms,
cardiac CT scans, and MRIs, to detect subtle
signs of heart disease that might be missed by
human observers. Algorithms can be trained to

medication

identify features indicative of coronary artery
disease, valvular heart disease, or other cardiac
abnormalities, leading to earlier and more
accurate diagnoses. This is particularly crucial in
cases where early detection can significantly
improve patient outcomes. The power of ML
also extends to the realm of personalized
medicine. By analyzing individual patient data,
ML algorithms can help tailor treatment
strategies based on specific risk profiles and
disease characteristics. For example, ML models
can be used to predict an individual's response
to specific medications, enabling clinicians to
select the most effective treatment options while
minimizing the risk of adverse effects. ML can
also guide the selection of appropriate dosages
and the timing of interventions, optimizing
treatment outcomes for each patient.
Furthermore, machine learning facilitates the
discovery of new insights into the mechanisms
of heart disease. By analyzing vast amounts of
data, ML algorithms can identify novel risk
factors, genetic markers, and molecular
pathways involved in the development and
progression of cardiovascular diseases. This
knowledge can lead to the identification of new
therapeutic targets and the development of
innovative treatments. For example, ML can be
used to analyze genomic data to identify genetic
variants associated with increased risk of heart
disease, paving the way for personalized
prevention strategies.
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In addition to these applications, machine
learning is also being used to improve the
efficiency and effectiveness of healthcare
delivery. ML algorithms can be integrated into
electronic health records to automate tasks such
as patient screening, risk stratification, and
treatment planning. This can reduce the
workload of healthcare providers, allowing them
to focus on patient care and decision-making.
ML can also be used to optimize resource
allocation, improve hospital efficiency, and
reduce healthcare costs. The deep impact of
machine learning on heart disease is
multifaceted, encompassing predictive
modeling, diagnostic accuracy, personalized
medicine, discovery of new insights, and
improvement of healthcare delivery. As ML
technology continues to evolve, its potential to
transform the landscape of cardiovascular
medicine is immense, offering the promise of
improved patient outcomes, more -efficient
healthcare delivery, and a deeper understanding
of the complexities of heart disease.

2 Literature Review:

Day by day, artificial intelligence (AI) and
machine learning (ML) are found useful in
various fields during their development. It's
useful in early prediction of diseases, especially
heart issues in humans. Machine learning
algorithms used supervised, unsupervised, and
classified datasets as input for better results and
accuracy in prediction [7] The term heart disease
refers to a collection of issues that directly or
indirectly affect the heart. According to WHO
reports, more than 17.9 million deaths are due
to cardiac problems. Every year, 32% deaths

around the world are due to heart issues [8]
Many researchers gathered information about
patients from the UCI repository [7] The
application of machine learning (ML) in
healthcare has surged, particularly in the
prediction and diagnosis of diseases. Heart
disease, a leading cause of mortality worldwide,
has become a focal point for ML applications.
The goal is to develop predictive models that can
assist in early detection, risk stratification, and
personalized treatment strategies. This review
explores various ML techniques employed in
heart disease prediction, highlighting their
methodologies, performance, and limitations.
Several studies have investigated the use of
different ML algorithms, including Support
Vector Machines (SVM), decision trees, random
forests, and neural networks. For instance,
researchers have utilized SVM to classify patients
based on cardiovascular risk factors, achieving
high accuracy rates in certain datasets [9].
Decision trees and random forests have also
been popular due to their interpretability and
ability to handle complex, non-inear
relationships within the data. Neural networks,
particularly deep learning models, have shown
promise in capturing intricate patterns from
large datasets, although they often require
significant  computational  resources and
extensive data preprocessing. Researchers used
different ML techniques to train models for early
predicting cardiac issues, such as Random Forest
(RF), Logistic Regression (LR), Decision Tree
(DT), etc. The user inputs data of patients into
the system after it analyses and predicts results;
these algorithms provide powerful results in the

era of medical [10], [11].

Table 1 Comparison of Cardiovascular Disease Prediction Studies

Dataset Algorithms Used Best Model Performance Reference
UCI Heart Disease
Dataset (303 LR, SVII:{:’ KNN, Accuracy = 85% [1]
samples)
Cleveland dataset Naive Bayes, DT, 3 aro
(303 instances) SUM Naive Bayes Accuracy = 86% [3]
UCI dataset RF, LR, KNN Random Accuracy = 88.7% (4]
UCI dataset DT, SVM, ANN Accuracy = 89% [5]
Mixed datasets SVM, R, Hybrid Model Accuracy = 91% [6]
Ensemble
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XGBoost, RF, . ~ 090
Large dataset Stacking Stacking Accuracy = 92% (7]
Diverse dataset SVM, LR, RF, Accuracy = 90.16%,
(Proposed) KNN, Stacking KNN / §VM AUC =0.90 -

3  Methodology:

3.1 Data Collection and Preprocessing

Data Source: The study uses a dataset
containing patient information, including
demographics, clinical measurements, and
diagnoses. Preprocessing: This involves cleaning
the data by handling missing values (e.g.,
imputation), encoding categorical variables (e.g.,
one-hot encoding), and scaling numerical
features (e.g., standardization).

3.2 Feature Selection and Engineering
Feature Selection: Techniques such as feature
importance from tree-based models or statistical
tests are used to identify the most relevant
features for prediction. Feature Engineering:
New features may be created from existing ones
to improve model performance, such as
combining related variables or creating
interaction terms.

3.3 Model Selection and Training
Algorithms: ~ Several learning
algorithms are considered, including Logistic

machine

Regression, Support Vector Machines, Random
Forests, Gradient Boosting Machines, and
Neural Networks (4] Training: The dataset is
split into training, validation, and testing sets.
Models are trained on the training data, with
hyperparameters tuned using the validation set
to optimize performance.

3.4  Evaluation

Model performance is evaluated using
confusion metrics like accuracy, precision, recall,
Fl-score, and the area under the receiver
operating characteristic curve (AUC-ROC).
Cross-Validation: Techniques like k-fold cross-
validation are used to assess the model's
generalizability and robustness [12].

3.5. Results and Analysis:

The performance of each model is compared,
and the best-performing model is selected. The
importance of the features is analysed to
understand the factors most predictive of heart
disease.

Patients’ Data
dataset preprocessing

<

Cleaning &
selecting data

Apply ML Predict best
classifiers model

Evaluation KNN & SVM
diseases 90.16%

Applying Stacking
classifier

Figure 1 Workflow of study

3.5 Dataset description

The dataset is downloaded from the Kaggle dataset database (repository), Different features are used to

interpret the prediction results
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data = pd.read csv('/
data.head()

sex cp ftrestbps chol fbs restecg thalach exang oldpeak slope ca thal

1 3 145 233 0 150 0 2 0
1 2 130 2 1 87 0 3.5

130

120

120

Figure 2 Features of the dataset

The image explains binary classification to predict diseases. O indicates there is no disease, and 1 indicates
a disease.

4  Results and Discussion

data.info()

<class ‘pandas.core.frame.DataFrame”>

RangeIndex: 383 entries, 8 to 382

Data columns (total 14 columns):
Non-Mull Count Dtype

fu]

} mon-null
non-null int6ed
non-null int64
non-null inted
non-null inted
non-null inted
non-null int6ed
non-null int64
non-null inted
non-null floated
non-null inted
non-null int6ed
thal non-null int6ed
13 target } non-null intée4
dtypes: floate4a(l), inte4({13)
} KB

@@
L L L

trestbps
chol

fbs
restecg
thalach
exang
oldpeak
slope

ca

(1= I " ICA Y- T, I - TTR N B
W W W W W W W L W W L
s s~ w R~ <~ R~
{ Wy S Iy Sy W [y W Iy Wy Wy W R W I WY )

-
@
(V1)

(V78]
L
(V78]

memory usage:

Figure 3 Accuracy of data

There are no missing values described in the image above; the next step is to perform exploratory data
analysis (EDA).
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1.00
age
ca 0.75
chol
cp 0.50
exang
fbs - 0.25
oldpeak
P - 0.00
restecg
sex - —0.25
slope
target —0.50
thal
thalach —0.75
trestbps
P =1.00
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Figure 4 Heatmap used to identify relationship b/w variables

The image shows correlation matrix heatmap used to visualize relationship between different variables in
data. Heatmap is used to identify values that close to target, identify different variables relationship.

Distribution of Heart Disease (Target)

160 4

140 A

120 4

100 A

Count

80 A

60

0 = No Disease, 1 = Disease

Figure 5 Balanced dataset for predicting heart diseases

This bar chart shows the dataset balance used for predicting heart disease using binary classification. A
balanced dataset is best for training ML models.
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Age vs Max Heart Rate (colored by Target)
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Figure 6 Maximum heart issues with the impact of age

The scatter plots highlight the relationship between age and maximum heart rate with the distribution of
target variables.

Chest Pain Type vs Heart Disease

I No Disease
100 1 W Disease

Count

0 1 2 3
Chest Pain Type (0, 1, 2, 3)

Figure 7 Types of chest pain related heart problem

This graph shows four different types of chest proportion of individuals with these pain types
pain and heart diseases. The chart suggests that have the disease compared to those with chest
chest pain types 1 and 2 are more strongly pain types O and 3.

associated with heart disease, as a higher
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Distribution of Serum Cholestoral (mg/dl)

200 300

Cholesterol

400 500

Figure 8 Visualization of the cholesterol range

The image displays a histogram showing the
distribution of serum cholesterol levels in
mg/dl. The x-axis represents the cholesterol
level, and the y-axis represents the count of
individuals within each cholesterol range. The
histogram shows that the majority of individuals
have serum cholesterol levels between 200 and
300 mg/dl, with the peak count occurring
around 220-250 mg/dl. There are fewer
individuals with very low or very high cholesterol
levels. A smooth curve is overlaid on the
histogram, indicating a possible normal
distribution, though it appears to be right
skewed due to the tail extending towards higher
cholesterol values. Here, applies the Logistic
Regression model to check the performance of
predicting heart diseases. The overall accuracy of
the model is approximately 85.25%. We will
improve results by using the confusion matrix of
the Naive Bayes model and various performance
metrics. The accuracy of the model is 85.25%.
By applying Random forest accuracy level reach
at 86.88% for classifying diseases. The Extreme
Gradient Boost model has an overall accuracy of
about 73.77%. It correctly identifies all instances
of class 1 (recall of 1.00) but struggles to identify
class O instances, with a recall of only 0.41. This
results in a lower Fl-score for class O (0.58)
compared to class 1 (0.81). The weighted average

metrics are 0.82 for precision, 0.74 for recall,
and 0.71 for Fl-score.

The K-Neighbours Classifier used for strong
performance with an overall accuracy of about
88.52%. It performs well on both classes, with
class 1 having a slightly higher Fl-score (0.90)
than class 0 (0.87). The precision and recall
values are balanced across both classes,
indicating a robust model. The weighted average
metrics also  reflect this overall high
performance, with precision, recall, and Fl-score
all at 0.89. The Decision Tree Classifier achieved
an accuracy of approximately 81.97%. It shows
decent performance for both classes, with class 1
having a slightly higher Fl-score (0.83) than class
0 (0.81). The model has a recall of 0.85 for class
0 and 0.79 for class 1. The macro and weighted
averages for precision, recall, and Fl-score are all
0.82, indicating balanced performance across
classes. The Support Vector Classifier
demonstrates strong performance with an
overall accuracy of about 88.52%. It achieves a
high Fl-score of 0.90 for class 1 and 0.87 for
class 0. The recall for class 1 is particularly
impressive at 0.91, suggesting the model is good
at identifying actual positive cases. The weighted
averages for precision, recall, and Fl-score are all
0.89, indicating a balanced and effective model
overall.
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model_ev

model_ev

Model  Accuracy
Logistic Regression  85.245902

Naive Bayes 85.245902

Random Forest  86.385246
Extreme Gradient Boost  73.770492
K-Nearest Neighbour  88.524590
Decision Tree  §1.967213

6 Support Vector Machine  88.524590

Figure 9 Comparison of ML models

The image presents a summary of the accuracy
of several machine learning models. The models
evaluated are Logistic Regression, Naive Bayes,
Random Forest, Extreme Gradient Boost, K-

Nearest Neighbours, Decision Tree, and
Support Vector Machine. The accuracy scores

range from 73.77% to 88.52%.

harplot Represent Accuracy of different models

801

601

Algorithms

201

T T T T
Logistic Regression  Naive Bayes  Random Forefixtreme Gradient Bedéearest Neighbour Decision Tre&upport Vector Machine
Accuracy %

Figure 10 Graph of comparison models

The bar plot represents the accuracy of several
machine-learning models. The models displayed
are Logistic Regression, Naive Bayes, Random
Forest, Extreme Gradient Boost, K-Nearest
Neighbour, Decision Tree, and Support Vector
Machine. The Support Vector Machine and K-
Nearest Neighbour appear to have the highest

accuracy, while Extreme Gradient Boost has the
lowest accuracy. The graph is showing a
comparison of different machine learning
models, with the Support Vector Machine and
K-Nearest Neighbour having the best
performance [13].
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confusion matrix (StackingClassifier)
[[23 4]
[ 2 32]]

Accuracy of StackingClassifier: 96.1639344262205

precision

B.

6.9

accuracy
macro avg
weighted avg

recall +l-score support

8.8
.91

Figure 11 Improvement of all models

The image displays the results of a Stacking Classifier model. The overall accuracy of the model is

approximately 90.16%.

Receiver Operating Characteristic (ROC) Curve

1.0 A

0.8 A

0.6 1

0.4

True Positive Rate

0.2 4 e

0.0 1 -

ROC Curve (AUC = 0.91)

Final AUC Score: 8.91

False Positive Rate

0.6 0.8 1.0

Figure 12 Visualization of the model's result

The image displays a Receiver Operating
Characteristic (ROC) curve. The curve shows
the performance of a binary classifier system at
various threshold settings. The x-axis represents
the False Positive Rate, and the y-axis represents
the True Positive Rate. The dashed line indicates
a random classifier. The orange line represents
the ROC curve for the model, and the area
under this curve (AUC) is given as 0.91. This

indicates a very good performance of the

classifier. The final AUC score is also stated as

0.91.

5  Conclusion

In this study, machine learning (ML) classifiers
were employed to predict early-stage heart
diseases, demonstrating the potential of data-
driven approaches in modern healthcare. The
results indicate that ML classifiers can effectively
identify heart disease with a high degree of
accuracy. Multiple classification algorithms were
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utilized, including Support Vector Machine
(SVM), Logistic Regression (LR), Random
Forest (RF), K-Nearest Neighbours (KNN), and
a Stacking Classifier. Among these models,
KNN and SVM achieved the highest
performance, reaching an accuracy of 90.16%,
and were therefore considered the best-
performing models in this study. The findings
highlight the capability of machine learning
techniques to assist in early diagnosis, which is
critical for reducing mortality rates and
improving patient outcomes. Additionally, the
use of multiple classifiers and ensemble
approaches such as stacking demonstrates the
importance of comparative analysis in selecting
the most suitable model for medical prediction
tasks.

For future work, the study can be extended by
incorporating deep learning techniques to
capture more complex and non-linear patterns
within  medical Furthermore,
integrating real-time data processing frameworks
and wearable health monitoring systems could
significantly enhance the reliability and
applicability of the proposed models in practical
healthcare environments. Improving -model
interpretability and ensuring clinical validation
will also be essential steps toward deploying
these systems in real-world medical settings.
Ultimately, such advancements can contribute
to more accurate, efficient, and accessible heart
disease diagnosis and patient care.

datasets.
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