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Abstract

Cardiovascular disease (CVD) is a leading cause of mortality globally, making early detection and diagnosis crucial for
improving patient outcomes and reducing healthcare costs. Machine learning (ML) models offer promising capabilities
for predicting the likelihood of cardiovascular disease, thus assisting in timely diagnosis and treatment. This study
conducts an extensive analysis of various ML models, including decision trees, logistic regression, support vector
machines, and ensemble methods, to evaluate their effectiveness in predicting cardiovascular diseases. Performance
metrics such as accuracy, precision, recall, F1 score, and cross-validation accuracy are utilized to evaluate and compare
the effectiveness of models. The findings highlight the potential of machine learning (ML) to improve early prediction
and diagnosis of cardiovascular diseases. Through the comparison and analysis of the applied algorithms on the
Cleveland and Stat log heart datasets, this research furthers the development of ML techniques in healthcare. The
developed machine learning system acts as a valuable resource for healthcare professionals, aiding in the early diagnosis
and prediction of cardiovascular diseases, while also offering potential applications for identifying and diagnosing other
medical conditions.
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1. Introduction

Cardiovascular disease (CVD) remains a primary health concern worldwide, accounting for a significant
proportion of annual mortality rates. Globally, heart disease remains the leading cause of death [39], as highlighted
by the World Health Organization, with heart disease and stroke contributing to 17.5 million deaths annually.
Over 75% of these fatalities occur predominantly in low- and middle-income countries. Additionally, heart attacks
and strokes account for 80% of all deaths caused by cardiovascular diseases (CVDs)[27]. The buildup of plaques
in the arteries can block blood flow, potentially leading to a heart attack or stroke. Diagnosis of heart disease often
involves observing patient symptoms and performing a physical examination. Common risk factors for CVDs
include smoking, aging, family history of heart disease, high cholesterol, high blood pressure, obesity, diabetes,
and stressincluding lack of physical activity, poor diet, and excessive use of alcohol and tobacco[10,11,36].

Lifestyle changes, including quitting smoking, losing weight, engaging in regular exercise, and managing stress,
can help address certain risk factors. Heart disease is identified by assessing a patient's medical history, conducting
a physical exam, and utilizing diagnostic tools such as electrocardiograms, echocardiograms, cardiac MRIs, and
blood tests. Treatment options include lifestyle modifications, medications, medical procedures such as
angioplasty, coronary artery bypass surgery, or the use of devices like pacemakers and defibrillators[37].
Additionally, the abundance of patient data available through modern healthcare systems enables the development
of heart disease prediction models. Machine learning, a method for analyzing and organizing large datasets from
multiple perspectives, plays a crucial role in transforming this data into actionable insights [28].

Early detection and effective diagnosis of CVD are essential for preventing severe health complications, reducing
treatment costs, and improving patient outcomes. Despite advances in medical diagnostics, the increasing
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complexity of health data and varying risk factors associated with cardiovascular disease present significant
challenges in accurate and timely diagnosis.

In this context, Machine Learning (ML) and Deep Learning (DL), as subsets of Artificial Intelligence (Al), have
gained prominence as valuable tools for researchers and healthcare professionals in predicting and diagnosing
CVDs. [40].

Artificial Intelligence is a broad concept with various interpretations, and its significance continues to evolve
depending on the field of application. In essence, Al can be described as the utilization of machines capable of
learning and performing tasks that resemble human cognitive functions [29].

Machine learning (ML) plays a crucial role within the broader field of artificial intelligence (Al). In supervised
learning, ML involves using trained algorithms to enable machines to learn, perform tasks, and solve problems
independently, based on known input-output relationships [5]. On the other hand, unsupervised learning deals
with situations where outputs are unknown. ML and deep learning (DL) are widely applied across various
domains, image analysis [6,7], urban traffic management [1,38], digital marketing [2], fraud detection [12],
handwritten recognition [13], autonomous driving [30],including data science [41],voice and noise processing
[42], and more.

By integrating a large dataset of electronic health records with socio-demographic information, the researchers
effectively stratified cardiovascular disease (CVD) risks, achieving high accuracy in their predictions. Similarly,
another study [3] implemented a deep learning (DL) algorithm to forecast coronary artery disease (CAD).

A decision support system (DSS) is employed to obtain results and seek second opinions from experienced
doctors. This approach helps avoid unnecessary diagnostic tests, saving both time and money [16, 31].

The main priority is to ensure adequate follow-up for this group, as hospitalizations resulting from acute heart
failure (HFD) decompensation are the primary driver of healthcare expenses. Research and statistics indicate that
heart diseases, particularly HFD, are a major health issue[17,32]. HFD is an increasingly common condition
associated with various health issues, including hypertension, insomnia, and heart disease, among others.

Detection of HFD in Electrocardiograms (ECG) involves identifying changes in heartbeat durations, measured as
the time intervals between consecutive PQRST waves. MCG (Magnetocardiography) is gaining attention as a
promising non-invasive tool for the early detection of ischemic heart disease (IHD). Unlike ECG, MCG is less
influenced by issues like electrode-skin contact interference and demonstrates high sensitivity to vortex currents
and tangential effects in ischemic cardiac tissue. However, despite its superior signal quality, the interpretation of
MCG remains time-intensive, depends heavily on the interpreter's expertise, and is not yet widely used in clinical
practice. Therefore, clinicians would greatly benefit from an autonomous system capable of detecting and
localizing ischemia at an early stage[18].

In the field of applied medicine, prior studies have demonstrated that machine learning (ML) and deep learning
(DL) techniques can be utilized to predict a range of diseases, such as cardiovascular diseases (CVDs) [19,33,34],
breast cancer [20,43], and diabetic retinopathy, among others. These risks can be mitigated by adopting a healthy
lifestyle, such as reducing salt intake, eating more fruits and vegetables, engaging in regular exercise, and quitting
alcohol and tobacco use[21]. Identifying heart disease early, combined with better diagnostic methods and the use
of predictive models to pinpoint high-risk individuals, is widely advised to lower fatality rates and improve
decisions regarding treatment and prevention strategies.

The growing adoption of machine learning (ML) in medicine underscores its potential in tackling complex health
challenges. Specifically for cardiovascular diseases (CVDs), ML can provide doctors with critical insights to aid
in early diagnosis and prediction, ultimately enhancing treatment outcomes and public health.

In recent years, machine learning (ML) models have shown substantial promise in assisting clinicians by providing
predictive insights into patient health. Through the analysis of patient data, including demographics, clinical test
results, and lifestyle factors, ML algorithms can identify patterns and correlations indicative of cardiovascular
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conditions. These predictive capabilities have the potential to support early diagnosis, enabling healthcare
professionals to implement preventive or therapeutic measures more effectively.

This study presents an extensive evaluation of various ML models for cardiovascular disease prediction,
comparing traditional algorithms, such as decision trees and logistic regression, with more complex models,
including neural networks and ensemble methods. The study aims to determine which models best suit
cardiovascular disease prediction in clinical contexts by assessing performance on key metrics such as accuracy,
precision, recall, F1 score, and cross-validation accuracy. The results of this analysis will offer insights into the
model selection process for cardiovascular disease prediction, assisting healthcare providers and researchers in
choosing optimal ML techniques for enhanced diagnostic precision and patient care.

2. Literature Review:

Diagnosing heart disease is the initial step in a patient's treatment within the cardiovascular department. However,
predicting these diseases has become a major concern for physicians and researchers in the field. Recently, several
studies have focused on enhancing systems to predict heart failures and cardiovascular conditions, leveraging the
capabilities of Al techniques and machine learning tools.

The cardiovascular system is formed by the integration of the lymphatic and vascular systems [14]. The heartbeat
is a sequence of actions that make up a heart cycle. Typically, the cycle involves both atria, followed by
synchronized contractions of each ventricle shortly afterward. The heart is made up of heart muscle cells that are
interconnected, so when one cell contracts, it causes adjacent cells to contract as well. The muscles relax between
beats during the cardiac cycle, allowing aerobic respiration to occur. This study delves deeper into these two
components.

2.1. The first phase is called 'Systole," which refers to contraction. This occurs when the ventricles contract, forcing
blood into the heart's vessels, with the A—V valves closing and the semilunar valves opening

2.2. The second phase is called 'Diastole,” which refers to relaxation. This happens when the ventricles relax,
creating a back-pressure that causes the semilunar valves to close and the A-V valves to open.

Previous research has demonstrated encouraging outcomes for the automatic detection of cardiovascular diseases
(CVD). However, some challenges remain. One major issue is that studies using private datasets often face
problems such as database variability and small sample sizes, particularly in magnetocardiogram (MCG) research,
where large public datasets are scarce. On the other hand, for electrocardiogram (ECG) studies using public
datasets, performance may not transfer equally well from benchmark datasets to clinical settings. Public ECG
datasets are typically composed of representative samples, but they may be biased toward identifying abnormal
cases, which could influence early diagnosis.

Several studies have been carried out to evaluate the significance of various features. To tackle this, an extensive
set of features has been created, including the two previously mentioned categories. The following conclusions
are drawn from the feature importance analysis:

(i) The synchronization of T wave repolarization is recognized as an important characteristic for identifying
individuals with IHD.

(if) The features suggest that the properties of the magnetic pole are associated with the locations of coronary
stenosis.

Recently, machine learning (ML)-based clinical decision-making has been applied in healthcare. Recent
developments in ML have highlighted the advantages of discriminative classifiers for the automatic detection of
cardiac diseases. Earlier research has shown that machine learning algorithms such as SVM, RF (Random Forest),
LR (Logistic Regression), BPNN (Back Propagation Neural Network), and MLP (Multilayer Perceptron) are
effective decision-making tools for predicting heart disease using individual data. Additionally, several studies
have highlighted the advantages of hybrid models, which have demonstrated impressive results in heart disease
prediction. Notable examples include RF combined with a linear model, MLP, Bayes Net (BN), majority voting
of NB, and RF with two stacked SVMs[22].
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The accuracy of risk prediction improves with fewer attributes, achieved by utilizing methods such as the K-
nearest neighbor algorithm, Naive Bayes, and neural networks. The authors found that accuracy increases when
fewer attributes are used, thanks to the application of different techniques[23].

Meanwhile, Shadab et al. applied Naive Bayes (NB) data mining to assist users in finding answers to predefined
questions in a web-based application. Doctors utilize intelligent decision-making tools, and the accuracy of the
NB algorithm for heart disease diagnosis can be enhanced using various techniques[35].

O. Terrada et al,[24] introduced a medical diagnostic support system designed for the early detection of
atherosclerosis. They assessed two supervised machine learning algorithms, artificial neural networks (ANN) and
K-nearest neighbors (KNN), on four distinct heart disease datasets: Cleveland, Hungarian, Switzerland, and Long
Beach. The performance metrics applied in this study were sensitivity, specificity, and accuracy. The findings
indicated that the ANN algorithm outperformed KNN across all datasets. Similarly, O. Terrada et al.[25] also
proposed a system for the early prediction of atherosclerosis disease.

M.S. Amin and others [9],created a model to predict heart disease by employing various machine learning
classification methods, such as KNN, Decision Tree, Logistic Regression, Support Vector Machine, Naive Bayes
(NB), a hybrid approach called Vote, and Neural Network.

A.K. Dwivedi [8],applied various machine learning algorithms for classification on the Statlog heart disease
dataset, including ANN, SVM, NB, LR, KNN, and Classification Trees. They employed ten-fold cross-validation
for assessment and calculated eight performance metrics, including accuracy, sensitivity, specificity, precision,
negative predictive value, and false positive rate. The results showed that Logistic Regression achieved the highest
accuracy and sensitivity, SVM was the most precise and specific, while Classification Trees exhibited the highest
rates of misclassification and false positives.

A. Bhatt and others[4], aimed to predict heart disease using two machine learning algorithms on separate datasets.
The algorithm was implemented on the Hungarian dataset, while the Naive Bayes algorithm was applied to the
echocardiogram dataset. To evaluate the performance of both models, various metrics were used, including the
confusion matrix, accuracy, true positive rate, precision, F-measure, and ROC area. The experiments were
performed using the Weka data mining tool, with two tests conducted for each dataset—one considering all
attributes and another with a selection of attributes. The findings revealed that accuracy improved when all
attributes were included. The accuracy on the Hungarian dataset was 65.64% using selected attributes and 82.3%
with all attributes. On the echocardiogram dataset, the accuracy was 93.24% with selected attributes and 98.64%
with all attributes.

In [15], the findings indicated that the hybrid algorithm achieved the highest accuracy, suggesting that combining
multiple algorithms can sometimes enhance performance. However, this result may not apply universally to other
datasets or tasks, and additional experimentation is required to assess the hybrid algorithm's effectiveness in
different contexts. Furthermore, the study in [26] emphasizes the importance of thorough experimentation and
evaluation when selecting a machine learning algorithm or data mining tool for a specific task.

In summary, these studies emphasize the need for careful experimentation and assessment when selecting a
machine learning (ML) algorithm or data mining tool for a specific task. However, despite progress in developing
ML algorithms, several challenges remain. One key issue is the absence of standardized datasets, with each study
using a different dataset, making it hard to compare results across studies. Lastly, many studies overlook the
interpretability of the models, which is crucial for healthcare professionals to understand how predictions are
made. This lack of interpretability could hinder the adoption of these models in practical, real-world scenarios.

3. Proposed methodology:

Our proposed method aims to identify the most suitable algorithm for predicting heart disease by evaluating the
performance of twelve machine-learning models[44,45,46,47].
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3.1.Gaussian Naive Bayes (GNB)
Gaussian Naive Bayes assumes that the features follow a Gaussian (normal) distribution.
Model Assumption: Features are conditionally independent given the class label.

Probability Model:
P(C|Xy, Xp, X5 ers oo o X,) = 2Oz PEIO).

P(X1,X2,X3 000 Xn)

Where C is the class, X1,Xa,...,Xn are the feature values.

Gaussian Assumption: The conditional probability for feature X; given class C is modeled as:

<_(Xi‘l"C)2)
2
P(X;|C) = ——e\ ?7

2
2mog

Where p. and oqare the mean and standard deviation of the feature for class C

3.2. Bernoulli Naive Bayes (BNB): Bernoulli Naive Bayes is used for binary/Boolean features (0/1 values).
Model Assumption: Like GNB, Bernoulli Naive Bayes assumes conditional independence between features.
Probability Model:

P(O) [N, P(XiIC)
P(Cle, Xz, X3 ......... Xn) = P(Xl,XZ,X; ......... X))
P(X,|C) = P(1 = p) A=%D

where p, is the probability that feature X; =1 in class C.

3.3.Support Vector Machine (SVM): SVM is a supervised learning model that tries to find a hyperplane that
best separates the data into classes.

Obijective: Find a hyperplane that maximizes the margin between two classes.

Model: The decision boundary is defined by: wix + b = 0

where w is the weight vector, x is the input vector, and b is the bias.

Optimization: The goal is to maximize the margin between the two classes, subject to the constraint that all points

are classified correctly: mip% [lw||?. Subject to y;(wTx + b) > 1 for all i , where y;{—1,1}is the class label.
w,

3.4. Decision Trees: A decision tree is a highly effective tool in supervised learning, used for both classification
and regression tasks. It is structured as a tree-shaped flowchart where each internal node represents a test on an
attribute, each branch represents an outcome, and each leaf node represents a class label. The tree is built by
iteratively splitting the training data into subsets based on attribute values, stopping according to criteria such as
maximum tree depth or minimum samples required for node splitting.

Mathematically, it's structured as:

Entropy (used in classification trees): Entropy measures the impurity in a split. For a node with binary
classification (0 or 1), entropy E is defined as:

E(S) = —pylog,(p1) — polog, (po)
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Where p,the proportion of is class 1 inset S and p, is the proportion of class 0.
Gini Index (another impurity measure): Gini(S) = 1 — p? — p3

Recursive Splitting: The tree recursively splits data at each node by selecting a feature and threshold that
minimizes impurity (e.g., entropy or Gini) at the child nodes.

Cost Function : For a regression tree, the cost function to minimize is usually the mean squared error (MSE):
MSE = %Z?zl(yi — $,)2 ,where y; is the true label, and 9, is the predicted label for i-th the sample.

3.5. Random Forest: Random Forest, a widely-used ensemble learning method involving decision trees, creates
a ‘forest' of multiple trees. These trees are usually trained with the 'bagging' technique, which merges multiple
models to improve the overall result. Random Forest boosts the performance of Decision Trees by reducing
variance, achieved by growing more trees and introducing more randomness into the model. Rather than always
choosing the most significant feature for splitting nodes, it selects the best feature from a random subset of
features, leading to a more robust model.

Random Forest Regression is an ensemble machine learning technique that handles both regression and
classification problems by using several decision trees, along with Bootstrap and Aggregation, a process
commonly referred to as bagging. Rather than relying on a single decision tree, this approach combines the outputs
of several trees to produce the final result. In Random Forest, numerous decision trees act as the core learning
models.

3.6. Gradient Boosting

Gradient Boosting is an iterative process where weak learners (usually decision trees) are added sequentially to
minimize a loss function. Its mathematics is based on functional gradient descent.

Loss Function: Let L(y,y)be the loss function to be minimized (e.g., log loss for classification, MSE for
regression). The goal is to find a function F(x) such that the predictions F(x) minimize this loss: F(x) =
arg min¥i, Ly, F (%))

Additive Model: Gradient Boosting builds an additive model: F,,(x) = F,,,_,1(x) + a. h,(x)

where F,,,_, (x) is the prediction from the previous iteration, h,,(x) is the new decision tree (or weak learner), and
a is the learning rate.

Gradient Descent: The new learner h,,(x) is fitted to the negative gradient of the loss function with respect to

_AL(yiFm-1(x) _ 2
1 (0 h(xl)]

the current predictions: h,,,(x) = arg II‘:I}IISI iy [
X

Final Prediction: After M iterations, the final prediction is: § = E,,(x) = XX _, ah,,(x).

3.7.K-Nearest Neighbors (KNN)

KNN is a non-parametric, instance-based learning algorithm used for both classification and regression.

Distance Calculation:

To predict the class or value of a new data point, KNN determines the distance between the new point and all
points in the training data. The Euclidean Distance is the most frequently used distance metric: d(x,y) =

s (i —y)?
where x and y are two points in an n-dimensional space.

Prediction: For classification, the algorithm finds the k-nearest neighbours to the new data point and assigns the
class based on a majority vote of the neighbours’ labels.

For regression, it predicts the value by taking the mean (or weighted average) of the nearest neighbours’ values.
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3.8. Extreme Gradient Boosting (XGBoost)
XGBoost is a method that implements gradient-boosted decision trees, optimized for high performance and speed.

In boosting, XGBoost builds a series of decision trees, with each new tree working to fix the mistakes made by
the earlier ones by placing more emphasis on the misclassified samples.

Gradient Descent: XGBoost minimizes the loss function by gradient descent. For a loss function L(y, ), where
y is the true label and 9 is the prediction, the next tree tries to minimize: L = Y™, Loss( y,9) + Xk_1 Q(f)

where: Q(f;) is a regularization term to prevent overfitting.

fi. 1s a weak learner, typically a decision tree.

The loss function is often chosen as logistic loss for classification and mean squared error for regression.
Regularization: To avoid overfitting, XGBoost uses both L; (Lasso) and L, (Ridge) regularization: Q(f) = YT +
%/1 Yio 0}

where T is the number of leaves, w; is the weight of leaf j and Y A are regularization parameters.

3.9.AdaBoost (Adaptive Boosting)

AdaBoost is a technique that merges several weak classifiers to form a more powerful classifier. These weak
classifiers are typically decision trees with only one split (known as decision stumps). The method works by giving
more weight to instances that were misclassified in previous iterations, prompting the next classifiers to
concentrate on the more challenging cases.

Objective: Minimize the classification error by combining weak learners.

Steps:
1. Initialize weights w; = % where N is the number of samples.

2. For each classifier t:

Train a weak learner h,(x) with the weighted dataset.

Compute error g, = there I(-) is the indicator function.
i

1-&¢

).

Compute classifier weight a, = iln( .
t

Update weights for misclassified points: w; « w;. e®!@i#h(d) "and normalize the weights.
Final classifier is a weighted vote of weak learners: H(x) = sign(}; a;h:(x))
3.10. CatBoost (Categorical Boosting)

CatBoost is a gradient boosting algorithm developed to handle categorical features natively. It is based on boosting
decision trees and is highly efficient in dealing with high-cardinality categorical data. CatBoost reduces prediction
shifts and applies an ordered boosting strategy.

Objective: Minimize a loss function (usually log-loss for classification or RMSE for regression) by iteratively
building an ensemble of trees.

Mathematical steps: At each iteration, fit a decision tree that predicts the gradient of the loss function with respect
to the predictions made by the current ensemble of trees.

Update the model by adding the newly fitted tree to the ensemble: E, (x) = F,,_1(x) + 1. hy, (x)

where E,, (x) is the model after m-th iteration, h,,(x) is the decision tree at iteration , and 1) is the learning rate.
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CatBoost applies a permutation-driven strategy to avoid overfitting on categorical data by reducing the effect of

target leakage. The ordered boosting formula can be written as: E,(x) = F,,,_;(x) — n.aFaiL(x)
m-—1

where L is the loss function and n is the learning rate.
3.11. Logistic Regression:

Logistic regression is a statistical approach mainly used for binary classification, aiming to predict the likelihood
of a two-outcome event (e.g., yes/no, 0/1, true/false). This model can be mathematically represented in the
following way:

a. Model Representation:
The logistic regression model predicts the probability that a given input x belongs to a particular class. This

probability is modeled using the logistic (sigmoid) function.

Probability of Class 1: P (y = i = o'(z)) =1

1+e~%
Where:
o(z) is the sigmoid function.
z is the linear combination of input features and model parameters:z = w” + b.
w = [wy, w,, ws, ....w,] are the weights (coefficients) associated with each feature.
b is the bias (intercept) term.

X = [xq1, X5, X3, ..... X, ] are the input features.

Probability of Class 0: P (y = 9) =1-P (y = 3) =1-0(2)

X X

b. Decision Boundary: The model classifies the input x as class 1 if (y = i) > 0.5, and as class 0 otherwise.

The decision boundary occurs where the probability is exactly 0.5,which corresponds to z=0: w™ +b = 0

c.Cost Function: To train the logistic regression model, we minimize a cost function. The most commonly used
cost function for logistic regression is the log-loss or binary cross-entropy loss:

Jw,b) = =31, [yiog (PG = 1/x)) + (1 = y))log (1 - Py = 1/x))]
Where:

m is the number of training examples.

y' is the actual label of the i-th example.

P(y' = 1/x) is the predicted probability that the i-th example belongs to class 1.
d. Gradient Descent Optimization:

The model parameters w and b are updated iteratively using gradient descent to minimize the cost function: w :=

b:=b—aV,J(w,b)

Where: a is the learning rate. V,,J(w, b) and V, J(w, b) are the gradients of the cost function with respect to the
weights and bias, respectively.

e. Prediction:

Finally, once the model is trained, predictions are made by computing the probability P(y=1|x) for a new input x
and assigning the class label based on the decision boundary:
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. {1 if d(z) =2 0.5
"0 ifo(z) <05

This is the basic mathematical framework behind logistic regression.
Confusion Matrix in Machine Learning:

A confusion matrix summarizes a machine learning model's performance on a test dataset, visually displaying
both accurate and inaccurate predictions. It is commonly used to evaluate classification models, which assign
categorical labels to input data. This matrix is essential for assessing a classification model's performance,
providing detailed counts of true positives, true negatives, false positives, and false negatives. It enables a deeper
understanding of the model's recall, accuracy, precision, and overall ability to distinguish between classes by
showing the frequency of predicted outcomes on the test dataset[44-47]..

4.1 Accuracy: Accuracy measures a model's effectiveness by calculating the ratio of correctly classified instances
to the total number of instances.

TP+TN

Accuracy = ——
y TP+TN+FP+FN '

where TP= True positives, TN= True negatives, FP= False positives and FN= False negatives.

4.2 Precision: Precision refers to the accuracy of a model's positive predictions. It is measured by the ratio of true
positive predictions to the total number of positive predictions made by the model.
TP
TP + FP
4.3 Recall: Recall measures how well a classification model can identify all the relevant instances within a dataset.

It is calculated by dividing the number of true positive (TP) cases by the total number of true positives and false
negatives (FN).

Precision =

TP

Recall = ————
ecall = 75N

4.4 Specificity: Specificity, an essential metric for evaluating classification models, particularly in binary cases,
measures how accurately a model identifies negative instances, also known as the True Negative Rate.

o TN
Specificity = TP+ FP

5. Data Cleaning and Feature Engineering: To evaluate cardiovascular disease, we utilized data from (
https://www.kaggle.com/datasets/johnsmith88/heart-disease-dataset/code), comprising 14 clinical features. These
features were employed to develop predictive models for heart disease detection. As shown in Table 1, the dataset
is complete, with no missing values.

[Tablel

<class 'pandas.core.frame.DataFrame':>

RangeIndex: 1025 entrie=s, 0 to 1024

Data columns (total 14 columns) :
# Column Non—-Null Count Dtype
o 1025 non—-null inted
1 = 1025 non-null inted
2 CheastPainType 1025 non—null inte4d
3 Re: ingBP 1025 non—mull inte4d
a Cholesterol 1025 non—null inted
5 1025 non-null inted
(=) L1025 non—null inte4d
7 1025 non—null inte4d
8 >4 alel 1025 non—mnull inted
9 Oldpeak 1025 non-—null floated
1O ST Slope L0025 non—null inted
11 NumMajorvVessels 1025 non—null inted
1= Thal 1025 non—null inted
13 Target 1025 non—null inted

dtypes: floated4(l), inted (13)

memory usage: 112.2 KB
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The histogram displays the distribution of cardiovascular disease cases in relation to the clinical features.

Histograms of Features
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6. Prediction of Cardiovascular Disease: We analysed the performance of twelve machine learning algorithms
and assessed their potential as clinical decision support tools for predicting cardiovascular disease.

6.1. Examine the effectiveness of Machine Learning models:

Divide the data into training, validation, and test sets to evaluate the model's performance. Standardize the data to
ensure uniformity, which is essential for many ML algorithms. In the process of developing the model, we
randomly selected clinical features from 80% of the patients for training purposes. Furthermore, we validated the
model's predictive accuracy externally by testing it on an independent sample size, as detailed in Table 2.
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TableZ2
Train Accuracy Test Accuracy

Logistic Regression 0.871951 0.795122
Gaussian Naive Baves 0.832024 0.800000
Bernoulli Naive Bayes 0.843902 0.795122
Support Wector Machine 0.954878 0.887805
Random Forest 1.000000 0.985366
Decision Trees 1.000000 0.9853c6
Gradient Boosting 0.982927 0.931707
K—Nearest Neighbours 0.948780 0.834146
Extreme Gradient Boosting 1.000000 0.985366
Extra Tree 1.000000 0.98536¢0
DA Boost 0.947561 0.878049
Cat Boost 1.000000 0.985366

6.2. Selection of Model for Predicting Cardiovascular Disease: The Random Forest, Decision Trees, XGBoost,
Extra Tree and CatBoost models, emerged as the most effective for cardiovascular disease prediction, achieving
an accuracy of 98.53%, precision of 1.00%, sensitivity of 97.08% and an F1 score of 98.52%. Table 3 provides a
detailed comparison of accuracy, precision, recall, and F1 scores across all models.

Table3

Accuracy Precision Recall Fl—Score
Logistic Regression 0.795122 0.756303 0.87378¢ 0.810811
Gaussian Naive Bayes 0.800000 0O.754098 0.893204 O.817778
Bernoulli Naive Baves 0.795122 0.7e5217 0.8543c9 0.807339
Support Vector Machine 0.887805 0.850877 0.941748 0.8%94009
Random Forest 0.9853c06 1.000000 0.970874 0.985222
Decision Trees 0.985366 1.000000 0.970874 O.985222
Gradient Boosting 0.931707 0.215888 0.95145¢6 0.933333
K—MNearest Neighbours 0.8341406 0.800000 0.883204 0.844037
Extreme Gradient Boosting 0O.9853606 1.000000 0.970874 0O.985222
Extra Tree 0.9853c06 1.000000 0.970874 0.985222
|InDA Boost 0.878049 0.890000 0O.864078 0.876847
Cat Boost 0.9853c06 1.000000 0.970874 0.985222

6.3. Selecting the Optimal Model for Predicting Cardiovascular Disease:

Twelve machine learning models were assessed for their predictive performance, and the highest-ranking model
was chosen. Among these, the Random Forest model achieved the top rank. The rankings of all the models are
provided below:

Table4d

Mode 1 Mean Score Rank
4 Random Forest 0.985366 1.0
S Decision Trees 0.9853c6 1.0
8 Extreme Gradient Boosting 0.985366 1.0
=] Extra Tree 0.9853c6 1.0
11 Cat Boost 0.28536c¢6 1.0
5 Gradient Boosting 0.9330%96 &.0
3 Support Vector Machine 0.8923610 7.0
10 ADA Boost 0.877244 8.0
7 K—Nearest Neighbours 0.842847 S.0
1 Gaussian Naive Baves 0.81le270 10.0
o] Logistic Regression 0.80%200¢6 11.0
2 Bernoulli Naive Baves 0O.805512 12.0
The best model is: Random Forest with a Mean Score of 0.9854

We also used graphs to visualize the data, providing a clearer insight into the models' performance:
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Comparison of Classification Metrics Across Models
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Cardiovascular disease prediction models can utilize Random Forest algorithm, offering fresh perspectives on the
development of learning algorithm. Despite incorporating multiple base classifiers, the Random Forest model
seldom overfits and effectively minimizes the exponential loss function by constructing a stepwise additive model.

7. Result:

The Random Forest model emerged as the best-performing model in terms of overall metrics, achieving the
highest F1 score and cross-validation consistency, followed closely by Extra Tree, Decision Tree, XGBoost and
CatBoost models.
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Receiver Operating Characteristic (ROC) Curve

1] Pite
Im| -
0.8 -
- 7
-
-
"‘
I”
/‘/
"/
o 0.6 1 s
=1 -
& g
z -
Z -
& -
E -
E oadlM ’," Logistic Regression (AUC = 0.8787)
_:'— e Gaussian Naive Bayes (AUC = 0.8706)

Bernoulli Naive Bayes (AUC = 0.8866)

Suppert Vector Machine (AUC = 0.9632)

Random Forest (AUC = 1.0000)

Decision Trees (AUC = 0.9854)

0.2 - Gradient Boosting (AUC = 0.9807)

- K-Nearest Neighbours (AUC = 0.9486)

- Extreme Gradient Boosting (AUC = 0.9894)
- Extra Tree (AUC = 1.0000)

- —— ADA Boost (AUC = 0.9485)

- Cat Boost (AUC = 0.9940)

0.0

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

This study focused on assessing various models built on different algorithms for cardiovascular disease prediction.
The Random Forest model stood out, achieving remarkable performance with an accuracy of 98.53%, precision
of 1.00%, sensitivity of 97.08% and an F1 score of 98.52% in predicting cardiovascular disease. This analysis
underscores the importance of selecting high-performance machine learning models in predicting cardiovascular
disease, with ensemble models proving most effective for this dataset.

8. Conclusion:

The utilization of sophisticated methods in machine learning represents a paradigm shift in the detection and
management of heart issues. Through the fusion of computational prowess and medical expertise, researchers and
practitioners have unlocked new avenues for early intervention, personalized treatment, and preventive care. The
insights gleaned from vast datasets have empowered healthcare professionals to discern intricate patterns, identify
subtle indicators, and predict potential cardiac events with unprecedented accuracy. However, amidst the
promising advancements, several challenges persist, including data privacy concerns, model interpretability, and
equitable access to technology-enabled healthcare solutions.

As we navigate the evolving landscape of machine learning in cardiovascular medicine, collaboration across
interdisciplinary domains will be paramount. By fostering synergies between data scientists, clinicians,
policymakers, and industry stakeholders, we can harness the full potential of these innovative technologies to
combat heart diseases effectively. Ultimately, the integration of sophisticated machine learning methods into
clinical practice holds the promise of saving lives, alleviating suffering, and ushering in a new era of cardiac care
characterized by precision, efficiency, and compassion.
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