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ABSTRACT

In today's world, accurately estimating the risk of heart disease in
patients is a very critical problem. It's also crucial to detect the
risk of heart disease as it reduces death tolls. If the heart disease
risk is predicted in its early stage, then with proper medication,
the death toll caused by it can be reduced. Machine learning (ML)
here plays a key role in helping the doctor throughout the
prediction and detection phase of heart disease(HD) by catering
to a stronger bias for decision making and prediction based on the
patient’s dataset provided by hospitals. This paper's primary goal
is to develop a suitable, precise machine-learning model that can
anticipate HD at an early stage. A diversity of machine learning
techniques has been proposed for finding the most accurate
method and feature subset. Different classification algorithms
have been utilised, including logistic regression, random forest
algorithm, gradient boosting, support vector machines (SVM),
KNN, and decision trees (DT). An accurate model for predicting
HD is obtained by employing several cross-validation approaches
and using both public and private datasets. Applying the random
forest classification approach to the combined dataset yields the
best outcomes, with an accuracy of 85.25%.
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1. INTRODUCTION

Heart disease is a primary contributor to heart related disorders,
which remain the leading cause of mortality across the globe. The
World Health Organization indicates that heart disease and stroke
cause 18.5 million deaths a year, or roughly 80% of all fatalities
due to CVD. Hypertension, diabetes mellitus,
hypercholesterolemia, psychological stress, and cigarette
smoking, obesity, inactivity, neck and shoulder pain, poor
appetite, and back pain are some of the many risk factors for
cardiovascular illnesses [23]. The primary symptoms of heart
disease are weakness, shortness of breath, arm and shoulder
discomfort, and chest pain. There are certain traditional ways in
which heart disease can be diagnosed, such as X-rays, MRI, and
angiography. By accurately predicting cardiac disease by
assessing complicated patterns, such as the correlations between
many elements like age, cholesterol level, etc., machine learning
models are better. This is because it is very difficult to find
patterns and risk factors in more complex patient data that
traditional methods can overlook. Several variables, including
data noise, incompleteness, and abnormalities, make it
challenging to anticipate reliable findings when using standard
techniques for diagnosing cardiac disease. Preprocessing
approaches are used on the dataset to remove incorrect data for a
better accuracy rate during the evaluation of the model. Numerous
techniques, comprising logistic regression, random forest
classifier, decision trees, and support vector machines, can be
utilized to diagnose the early stage of heart failure. Clustering
(unsupervised machine learning), classification or regression
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(supervised machine learning), and reinforcement learning (error-
driven) are the three fundamental methods for machine learning
estimates.

Heart disease risk factors can be reduced by changing our lifestyle
through exercising, reducing stress, controlling weight, quitting
smoking, and taking proper medica tion. Through the vast amount
of patient data that is accessible due to an enormous number of
modern healthcare systems, it is now viable to make prediction
models. [1,2,3] Machine learning, sometimes referred to as data
storage models, employs an array of machine learning strategies
and algorithms to transform data into knowledge-based mining.
High classification accuracy is anticipated in this machine
learning model with the use of logistic regression, KNN
algorithms, and the random forest classifier. A comparative
assessment of different machine learning approaches is attempted
for accurately forecast the probability of developing heart disease.
The results demonstrate that, with an accuracy of 85%, random
forest delivers the best outputs.

2. LITERATURE REVIEW

The heart disease prognosis has attracted considerable focus lately
because of the rising death rate linked to cardiac diseases. Timely
and reliable identification of heart disease is crucial for decreasing
fatal results and optimizing patient treatment. As healthcare data
has quickly expanded, machine learning methods have been
extensively investigated to help clinicians diagnose heart disease
more effectively [21][22]. Alternative studies concentrate on
assessing various machine learning algorithms, such as KNN,
SVM, Decision Tree, and Random Forest, to determine the most
dependable methods for predicting heart disease. These
investigations highlight the significance of performance
indicators like precision, recall, and accuracy to guarantee
dependable predictions [5].

Numerous researchers have utilized supervised machine learning
algorithms like Decision Tree, Random Forest, XGBoost, and
Multilayer Perceptron to predict heart disease. In one
investigation, the integration of clustering-based preprocessing
with classifiers enhanced prediction accuracy, with the Multilayer
Perceptron delivering the highest performance among evaluated
models utilizing a large real-world dataset [3]. This emphasizes
the advantage of integrating data preprocessing methods with
sophis ticated classifiers Furthermore, sophisticated methods
combine preprocessing strategies such as outlier identification,
data normalization, and feature selection with robust classifiers
like XGBoost and SVM. These combined models enhance
prediction accuracy and aid clin ical decision support systems for
diagnosing heart disease [1].

Comparative research utilizing datasets from the UCI Machine
Learning Repository shows that ensemble models, especially
Random Forest, surpass conventional algorithms like Naive
Bayes and Logistic Regression in forecasting heart disease risk,
reaching accuracy over 90% [4]. These findings validate the
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strength of ensemble learning techniques in medical forecasting
activities. In general, the literature shows that machine learning
significantly contributes to predicting heart disease by enhancing
diagnostic precision and minimizing human mistakes.
Nonetheless, the effectiveness of prediction models significantly
relies on suitable data preprocessing, feature selection, and
optimization of the model. These results encourage additional
studies focused on creating more precise and understandable heart
disease prediction systems through sophisticated machine
learning methods.

3. METHODOLOGY

For predicting heart disease, diverse classification algorithms
based on machine learning are used on the patient dataset. Prior
to beginning the feature selection process, the dataset must first
be preprocessed; in this case, the dataset was selected from the
Kaggle dataset. The dataset is separated into training and testing
parts, with 80% of the dataset being utilized for training and the
remaining 20% being employed for testing. A ma chine-learning
model that forecasts cardiac illness is constructed using the
training dataset, and the classification strategy is evaluated using
the testing datasets.
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Fig. 1. Methodology of Heart Disease Risk Prediction

System

Data collection, data preprocessing on the given dataset,
exploratory data analysis, feature selection, model evaluation,
splitting the data into training and testing data, optimization, and,
lastly, model prediction and deployment are the steps involved in
developing a machine learning prediction model. [11,12,13] Let's
understand each step:

1) Data collection

Here, the dataset of over 1100 patients is used from Kaggle, which
is a .csv file. To prevent biases, we should ensure that the dataset
comprises both positive and negative people at risk of heart
disease.

2) Data preprocessing

Data preparation deals with the identification of outliers, missing
values, and inconsistencies since raw data contains noise and
abnormalities. [14,15,16] Data preprocessing steps are:

a) Cleaning: deleting unnecessary entries and resolving
missing data. Errors, outliers, and inconsistencies are
removed in order to clean the data.

b)  Transformation: employing a variety of methods,
including smoothing, normalization, and aggregation, to
transform the data into an appropriate format.

¢) Data encoding: This stage involves separating numerical
and categorical variables, encoding categorical data, and
identifying unique values.

d) Reduction: This involves getting rid of unnecessary
features. To avoid biases, duplicate entries are removed.

3) Exploratory Data Analysis

It can reveal hidden patterns, connections, and trends within a
dataset. As a result, this method involves correlation analysis and
visualization.

4) Feature selection

The most relevant feature from the dataset has been selected.
Following data reduction, processing, and cleaning, it is
completed. [17,18,19] This model generates predictions based on
BP, cholesterol, and fasting sugar levels. A correlation matrix is
used.

5) Data splitting

There is a particular testing-to-training (model training) ratio in
this dataset. Eighty percent of the dataset comprises training data,
while twenty per cent consists of testing data.

6) Evaluation (model assessment)

Performance indicators, like sensitivity, accuracy, precision, and
F1 score, are utilized to examine the efficiency of the machine
learning model. Accuracy represents the general performance of
the model, and precision indicates the exactness of its positive
predictions, and sensitivity is the pro portion of accurate positive
predictions out of all positives (recall). The F1 metric is calculated
as the harmonic mean of precision and recall.

4. TOOLS AND TECHNOLOGIES

Python programming is used. The sklearn and pandas libraries are
used in data cleaning. Pandas are used for analyzing and
transforming data. The NumPy library is used for numerical
operations. Machine learning methods also make use of Sklearn
Learn. Mat plotlib and Seaborn are Python libraries used to
visualize (histograms, bar charts, etc). Coding is done in the
Jupyter Notebook.

A. Dataset Description

The experimental analysis in this study utilizes the heart disease
dataset which was collected from the UCI Machine Learning
Repository. 1,100 patient records and 14 variables, make up this
dataset. Age, sex, chest pain type (cp), resting blood pressure
(trestbps), serum cholesterol (chol), fasting blood sugar (fbs),
resting electrocardiogram results (restecg), maximum heart rate
attained (thalach), exercise-induced angina (ex ang), exercise-
induced ST depression (oldpeak), number of major vessels
coloured by fluoroscopy (ca), and thalassaemia type (thal). The
target variable demonstrates whether a patient has heart disease
(1) or not (0). Because of its various clinical features and balanced
makeup, this dataset is frequently utilized for predictive
modelling and heart disease risk assessment research.

TABLE 1. Dataset Attributes with their Description
Attribute Description

Age Age of the patient (years)

Sex Gender (1 = male, 0 = female)

cp Chest pain type (0-3)

trestps Resting blood pressure (mm Hg)
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chol Serum cholesterol (mg/dl)

fbs Fasting blood sugar > 120 mg/dl (1 = true; 0 = false)
restecg Resting ECG results (0-2)

thalach Maximum heart rate achieved

exang Exercise-induced angina (1 = yes; 0 = no)

oldpeak ST depression induced by exercise

ca Number of major vessels colored by fluoroscopy
thal Thalassemia type (0-3)

target Presence of heart disease (1 = yes; 0 =no)

B. Machine learning algorithms used

e SVM: A supervised classification algorithm that identifies
the best hyperplane distinguishing data points from
various classes.

e Random forest: An ensemble of multiple decision trees
that improves prediction accuracy through majority voting
among trees. [6,7,8]

e Decision tree: A model with a tree structure that divides
data into branches according to decision rules to forecast
results.

e Logistic regression: A logistic function based binary
classification algorithm that forecasts the likelihood of an
event.

e KNN: An algorithm that does not assume a fixed
parameter and classifies data points are classified based on
the dominant class of their k closest neighbors.

e QGradient Boosting: A method of ensemble learning that
creates models in succession, with each successive model
addressing the mistakes of earlier ones to enhance overall
prediction precision.

S. IMPLEMENTATION

The heart disease risk prediction model is developed using Python
as a programming language. Anaconda's command prompt has
been utilized to complete the required code in a Jupyter notebook.
Jupyter Notebook is better compared to PyCharm and Microsoft
Visual. [9, 10, 20] With the help of Jupyter Notebook, we can
code and simultaneously create graphs (scatter diagrams), and it
also makes data analyses easier. Implementation of this machine
learning risk prediction model is done in several steps:

e The Heart Disease related dataset in Comma Separated
Values file format was imported into Jupyter Notebook
using the Pandas read csv() function to efficiently load
and manage the data for analysis.

e To handle data, including feature engineering and data
purification using the IsNull() function, a variety of
libraries and resources are imported, such as pandas,
numpy, matplotlib, seaborn, and sklearn. The pandas
package is used to convert category data into numerical
numbers.

e In order to ensure that every feature in the dataset
contributes equally to the model, feature scaling is done to
convert features to a common, comparable scale.

e Model selection: The model is chosen so that the
dependent variables are represented as y and the features
as x values. Training and testing data are separated using
the sklearn program.

e The model exhibiting the best performance metrics and
accuracy is utilized to predict the disease.

6. RESULTS AND DISCUSSION

For evaluating model effectiveness, the dataset is partitioned into
training and test sets; where 80% of the dataset is utilized for
model training, and 20% is set aside for evaluation. The
dependability of the machine learning model is further examined
using four performance metrics: accuracy, precision, sensitivity
(recall), and F1 score. A confusion matrix is one table employed
to evaluate the model's effectiveness. To assess the model's
effectiveness, it presents both correct and incorrect predictions.
Model predictions fall into four groups, including accurate
outcomes (true positives and true negatives) and erroneous
outcomes (false positives and false negatives).

e Accuracy: measures the model's correct prediction. It
reflects the proportion of correctly classified instances
among all predictions.

e Precision: It tells the model's prediction that a positive is
actually positive. Out of all positive predictions, the actual
correct prediction.

e Recall: it tells the occurrence of actual positive outcomes
that were accurate positive outcomes. Out of all the
positives, it tells us how many the model correctly
identified.

e F1 score: This represents the fusion of accuracy and recall.
It is the mean of recall and precision

The study examined the performance of Decision Trees, SVM,
Random Forest, logistic regression, K-Nearest Neighbours, and
Gradient Boosting in heart disease risk prediction tasks. The
findings demonstrated that the inferior performance metrics of
these models reflected their limited capability to understand the
complexity involved in predicting heart disease. The Random
Forest models were capable of differentiating between individuals
with and without heart disease with high precision, recall, and ac
curacy values, as well as prediction robustness. The healthcare
industry is significantly impacted by the utilization of machine
learning approaches in heart disease prediction. Physicians may
identify heart disease issues early and take preventative action by
utilizing machine learning techniques like random forest.

Accuracy, precision, recall, and F1 score were among the model
performance indicators used to assess their performance. Random
Forest did the best, with 85.25% ac curacy, 0.81 precision, 0.89
recall, and 0.85 F1-score, according to the statistics shown in the
table below. Gradient Boosting and Logistic Regression with
accuracies of 80.33% each but having somewhat lower F1 score
than Random Forest. SVM and KNN scored worse, with accuracy
0f 59.01% and 63.93%, respectively; nevertheless, both had very
high recall values, indicating that they were able to identify most
positive cases, albeit with reduced accuracy.

TABLE II. Metrics Evaluation score of ML Algorithms
Algorithm Accuracy Precision Recall F1 Score
LR 80.327869 | 0.742857 | 0.757576 | 0.812500
SVM 59.016393 | 0.545455 | 0.82758¢ | 0657334
KNN 63.934426 | 0.581395 | 0.862069 | 0-694444

DT 77.049180 | 0.741935 | 0.793103 | 0-766667

RF 85245902 | 0.812500 | 0.896552 | 0-852439

GB 80.327869 | 0.757576 | 0.862069 | 0-806452
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Comparison of Model Accuracies
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Fig.2. Results of the ML Algorithms

Random Forest outperforms the other algorithms regarding
accuracy and general balance between precision and recall, as the
comparison study makes evident. Its ensemble technique, which
combines several decision trees, explains why it performs better
than Decision Tree, SVM, LR, KNN and GB. It can manage
intricate feature intersections and minimize overfitting.
Interestingly, SVM and KNN had lower accuracy and lower F1-
scores even though they had high recall values (0.82 and 0.86,
respectively). According to this, these models generated many
false positives, which can result in needless medical alerts, even
if they were able to detect the majority of actual positive
instances.

Conversely, with accuracies of about 80%, Logistic Regression
and Gradient Boosting provided a reasonable compromise
between recall and precision. Even while these models performed
consistently, the Random Forest still outperformed them in terms
of overall predictive ability. Random Forest's excellent recall
(0.89) is particularly important in a healthcare scenario where
lowering false negatives (missed sickness cases) is critical.
Because they could keep a patient from receiving timely medical
at tention, False negatives pose a greater risk than false positives.
Overall, the findings demonstrate that Random Forest is the most
reliable model for risk estimation of heart disease in this study
since it consistently and fairly performs across all evaluation
criteria.

Feature Importance in Random Forest Model
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Fig.3. Feature Importance in Random Forest Model

Clinical characteristics, including the type of chest pain (CP), the
peak heart rate (thalach), and the ST depression induced by
exercise (oldpeak), were identified as having the greatest impact
on predicting heart disease through feature significance analysis.
Age, the number of big vessels (ca), and thal were other important
characteristics. Since aberrant exercise tolerance, chest
discomfort, and ECG indications are important factors in
determining cardiovascular risk, these findings are consistent with
medical knowledge. On the other hand, characteristics like resting
electrocardiogram (restecg) and fasting blood sugar (fbs) had
comparatively lesser relevance, indicating limited predictive
potential in this dataset.

Confusion Matrix - Random Forest

25
No Disease 20
.
] 15
LY
e
10
Disease 1
F5
No Disease Disease
Predicted label
Fig. 4. Confusion Matrix of Random Forest

The Random Forest classifier acquired a balanced prediction
capacity, as seen by the confusion matrix. 26 individuals without
disease and 26 patients with disease were properly categorized by
the model from the test samples. Three false negatives (patients
with disease projected as healthy) and six false positives (patients
without disease identified as diseased) were among the
misclassifications. In medical diagnosis cases, when failure to
discover a real case (false negative) is more crucial than an
unneeded follow up test, this suggests a little larger inclination
towards false positive predictions, which is acceptable.

ROC Curve - Random Forest
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Fig. 5. ROC Curve of Random Forest
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Strong discriminating capacity was demonstrated by the Random
Forest model's Receiver Operating Characteristic (ROC) curve,
which had an AUC value of 0.90. This implies that the model may
be used to accurately identify between heart disease affected and
non affected individuals. Additionally, the curve remained far
above the diagonal baseline, showing that the classifier performed
better than random guessing. Taking everything into account, the
Random Forest model excelled in forecasting heart disease. The
feature importance analysis emphasized the key risk factors,
offering interpretability. The ROC-AUC score confirmed the
precision of the predictions, whereas the confusion matrix
validated the ability to classify data evenly. Although there are a
few minor misclassifications, the model's tendency to minimize
false negatives renders it particularly beneficial for medical
purposes. These results indicate that Random Forest serves as an
effective model for clinical decision support in forecasting heart
disease risk, and its interpretability renders it a practical choice
relative to more complex black box models.

7. FUTURE SCOPE

In the future, I will be working on a huge dataset to increase the
dependability of the model. We will explore how to enhance the
parameters of various machine learning classifiers by employing
neural networks, such as CNN and different technologies like
Federated learning and Ensemble learning. I'll be constructing a
website with more complex capabilities, including the ability to
upload the information straight to the website and then fill out the
essential sections for the illness prediction. I'll also include a
feature called Explainability that tells certain dataset variables
(such as blood pressure, cholesterol, etc.) suggest the
susceptibility to heart disease.

8. CONCLUSION

Heart disease is a deadly illness that takes many lives each year.
Our objective is to use fewer characteristics and tests to improve
prediction accuracy and effectiveness. In this work, investigation
and assessment are undertaken utilizing a range of pre-processing
techniques and machine learning algorithms. The prediction
model is trained and assessed on three datasets. Following
extensive testing and careful consideration of several crucial
elements, the final application has an accuracy of 88%. This
random forest accuracy was only attained for a limited set of 1100
patient records. A number of fac tors, including patient
demographics, medical history, and lifestyle traits, may be
included to help create powerful prediction models. Certain
techniques, including logistic regression using decision trees,
have differing degrees of success in accurately identifying those
who are at risk. Issues include the necessity of comprehensive and
varied datasets, as well as the interpretability of sophisticated
models, and ethical issues around patient privacy continue to
influence future research. Model validation and continuous
improvement are essential. The application's accuracy and
precision issues may be altered if it has a larger variety of data.
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