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Abstract— Therefore, an elevated level of heart disease is a component in this examination, with
17.9million being the number of yearly fatalities that it brings about. With the number of
people in the world swelling, early diagnosis and treatment are missions impossible.
Notwithstanding, the recent advancements in machine learning (ML), have revolutionised the
quest for health research. This study mainly concentrates on constructing a Machine learning
model that can predict heart disease using some crucial parameters. Random Forest, Support
Vector Machine (SVM), Naive Bayes and Decision Tree were the ML algorithms used, The
Kaggle dataset which has 14 heart disease-related features was ran through these different
algorithms to know which prediction technique is best for this scenario. The study also analyzes
the relationship among different dataset features along with more precise predictions. From the
reliable results, one of tested models was Random Forest that fitted accurately and required
shorter time to process. The model was evaluated on a Kaggle dataset with 70,000 instances to
strengthen the encouraging results of the study. We divided the dataset into 80:20 for training
and testing, and we evaluated Decision Tree (DT), XGBoost, Random Forest (RF), Multilayer
Perceptron(MP) models. Results obtained with the above set of hyperparameters: Decision Tree
85.1%, XGBoost 85.9%, Random Forest 99.7% with. This ML model can serve as useful
decision support tool for physicians to predicate heart disease with more accuracy.

|. INTRODUCTION

As per WHO heart disease makes 31% of the global deaths — entire number of due to cardiovascular disease is
expected to increase to 23.6 million by 2030. Although tech such as ECGs and CT scans can but are not cheap
either. As well, they are impractical for many people in low and middleincome countries, adding to the problem.
As a result, these are in part being reconciled with the soaring technology and machine learning (ML) based
applications emerging out of masses disseminating community as they integrate healthcare software to facilitate
early diagnosis of heart disease reducing lives and unburdening an anticipated economic expenditure of $3.7
trillion from 2010 to 2015.

ML has been with good record of accomplishment concerning large and complex healthcare datasets which
make them ideal tool for disease prediction or similar types. These algorithms like Random Forest, Decision
Tree, Multilayer Perceptron, XGBoost learn from historical data and can make predictions on real-time(unseen
test data). When making predictions for heart disease ML models can identify risk factors such as diabetes, high
blood pressure, high cholesterol, and abnormal heart rate etc. ML model outputs a probability describing the
chances of having heart diseases by taking this parameter inferences only. This is particularly critical in the
developing world, where swift diagnosis and intervention are hindered by shortages of diagnostic facilities and
well-trained healthcare workers.
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In this study, we will try to build a very strong ML model that can predict heart disease in the most accurate way
possible with Machine Learning on Kaggle. In this review, we will examine Random Forest, Decision Tree,
Multilayer Perceptron and XGBoost Al algorithms and compare their performance in detecting heart disease. We
preprocessed the dataset with a variety of methods such as k-mode clustering for model convergence and carried
out all following computations with Python in Google Colab. The predictive power of ML in heart data as a
proxy for disease, however they tend to be based on small data sets. The study was done with a substantially
larger and more heterogeneous cohort so that generalizability of the results is likely at least to some extent
improved [9]. The results are indicative that ML models, in particular the session neural network model of MLP,
have a good prediction accuracy over heart disease with an accuracy of 87.28% using crossvalidation. In fact,
these predictive models can then act as a tool for decision support to cardiologists which helps them in
diagnosing faster and accurately — an enormous advantage when it comes looming lives and the reducing
healthcare related costs.

Il. LITERATURE REVIEW

A lot of studies have suggested that the performance of HDPM in diagnosing heart disease can be improved by
enhancing predictive models through machine learning. The researchers tested the performance of their
prediction models with several heart disease databases (Statlog and Kaggle). A study conducted by Shorewall in
2021 using a machine learning—stacked model of K-nearest neighbors (K-NN), Random Forest, and Support
Vector Machine (SVM) classifiers to build a predictive model for cardiovascular disease We used Logistic
Regression as the metaclassifier to aggregate these model outputs. This stacked model achieved 75% of accuracy
in Kaggle cardiovascular disease dataset that has data from 70,000 patients with 12 attributes. In a study by
Waigi et al.

To predict heart disease using Kaggle heart disease dataset in this example, a decision tree algorithm is used for
the year 2020 which has information of 70,000 records and each record has 12 attributes. Accuracy of 72.77%
was obtained for the decision tree module on this dataset. Our and ElSeddawy (2021) predicted heart disease
employing repeated sampling through random forest distribution. Performance in a Real-World Cardiovascular
Dataset: In our paper, we tested our method using the UCI cardiovascular dataset, consisting of data from a total
of 303 patients with each patient having 14 features. This data set we could reach the classification accuracy of
Random forest to 89.01%. In 2018 Dwivedi made a comparison study of six machine learning models; Artificial
Neural Classifiers including Artificial Neural Network (ANN), Support Vector Machine (SVM), Logistic
Regression (LR), and K-Nearest Neighbor(KNN) were evaluated by performance metrics. Results: The Logistic
Regression (LR) model was the winning one and reached 85% of accuracy, with a sensitivity of 89%, specifity
of 81% and precision of 85%.

In this study ( Alotalibi, 2019); the authors used machine learning (ML) methods to predict heart disease :- This
study employed the Kaggle Clinic Foundation dataset and implemented predictive models based on several
machine learning classifiers like decision trees, logistic regression, random forest, Naive Bayes and support
vector machine (SVM). The 10-fold cross validation was used in the design work. The results prove that the
decision tree algorithm has the most extensive range between heart failure accuracy and SVM is in second place
in terms of that same range (93.19% — 92.30%). This study gives a view of the potential of machine learning for
prediction of heart failure and identifies decision tree algorithms as a further research option. In a 2020 study,
Khan and Mondal used the cross- validation carry method (using the “Ibfgs” solver) to predict heart disease. This
model was evaluated on the Kaggle Cardiovascular Dataset 1, which contains 462 patients k = 30 and 12
features. The logistic regression model achieved 72.72% accuracy on this data. None of the previous studies
mentioned above used visual search and parallel data to improve the accuracy of classification models,
especially for heart disease information.

Therefore, this study uses outlier detection and data analysis techniques to improve the performance of the
model. Also, XGBoost classifier is used to train and build the prediction model. We hope that the proposed
model will achieve better performance than the state model and previous studies.

I11. MACHINE LEARNING TECHNIQUES

Using machine learning to predict heart disease is crucial for early detection and accurate diagnosis. In this
project, we employed several machine learning. Heart disease prediction with Algorithms using the Kaggle
Dataset. This data includes various factors and health criteria ranging from the age, gender of the patient to and
all scales and numbers of the blood pressure, cholesterol level etc. with which we are”]==; prediction model
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inputs The algorithms used such as SVMs, decision trees etc.—trees, naive Bayes, random forests and XGBoost
classifiers. Here are the merits of each algorithm in processing the data and increasing the accuracy of
predictions.

A. Support Vector Machine (SVM)

Support Vector Machine (SVM) is one of the most robust classifiers that uses machine learning and is binary.
The working principle of Support vector machine is used to discover the optimal hyperplane hat separates the
data from as many groups as possible and minimizes the classification error. It uses minimal data. Kaggle Heart
Disease dataset has many classes and SVM can model the complex decision of the region using various kernels
(linear, quadratic, polynomial and radial basis functions (RBF)). Kernel selection plays an important role in the
performance model, in this case, RBF and linear kernels are selected due to many parameters and conditions.
SVM is trained, tested and validated on real data to provide accurate prediction results. The selection of kernels
and methods is carefully made to avoid overfitting or underfitting issues.

B. Decision tree

Decision tree algorithm is a supervised learning method based on tree design model. Each segment of the inner
part represents the test of expertise, and each leaf of the leaf represents the classification. Decision trees are
suitable for both categorical and numerical data. We developed a decision tree model using Kaggle dataset
containing many cases for the heart disease prediction problem. The tree evaluates the data from root to leaf to
predict heart disease. We then compare the predictions with the actual results and calculate metrics such as
accuracy, sensitivity, and specificity to evaluate the performance of the model. Decision trees are intuitive and
easy to interpret, but they can overfit the data. To solve this problem, we use pruning to generalize the tree and
transform it to unseen objects.

C. Naive Bayes

Naive Bayes is a classification system based on Bayes’ theorem. This simplifies computation and is particularly
useful for high- dimensional data because it assumes that features are independent with respect to their class
labels. In this project, we use Naive Bayes to predict heart disease using the Kaggle dataset. Although the
independence assumption is not always valid in real-world data, Naive Bayes is known to perform well on large
datasets and has proven to be fast and robust. We measure its performance against other models in the
benchmark.

D. Random Forest

Classification Random Forest is a collaborative learning method that combines multiple decision trees to
increase the accuracy of prediction and reduce the risk of overfitting. Each decision tree is constructed using a
random subset of the data and the final prediction is made by merging all the trees. Random forests are used in
this heart disease prediction to exploit their ability to reduce noise and prevent overload, especially in big data
such as Kaggle dataset. Random forest improves the accuracy and generalization of the model by tuning the
hyperparameters and aggregating the results of multiple trees.

E. XGBoost

XGBoost (Extreme Gradient Boosting) is a powerful joint learning algorithm based on gradient boosting
technology. It is popular due to its speed and performance, especially in business cases. XGBoost builds decision
trees where each tree then corrects the errors of the previous tree to increase the accuracy of the overall
prediction. We used XGBoost in our cardiovascular disease prediction model due to its ability to handle large
data and the relationship between features. Kaggle dataset has many parameters that can be effectively modeled
using the XGBoost boosting method. XGBoost uses a combination of boosting and regularization to reduce
competition, a common problem in decision treebased methods. The final XGBoost model was trained on the
Kaggle dataset by carefully tuning hyperparameters such as learning rate, maximum, and number of observers.
The model showed higher predictive power than other models such as random forest and SVM when measuring
accuracy, sensitivity, and specificity.

IV. METHODOLOGY

A. Data Collection

The Kaggle Heart Disease Dataset accessible online on the UCI Repository has been used in our research work.
The dataset used have missing values too, which is handled through data preprocessing using some statistical
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techniques. Class Value 1, is interpreted as “tested positive for the disease”, and Class value 0, means “tested
negative for the disease”. The dataset has been divided into certain percentage, such as 80% data has been
considered as training data and rest 20% as testing data.

Apply the machine
learning techniques
on the datasets

Heart Disease
Datasets

\ 4

Cluster the data Train the datasets

\ 4
\ 4

A 4

Comparison with
other machine
learning models.

Deploy the model

A

Figure 1

B. Data Preprocessing

Various attributes of the original dataset contain missing values which can lead to imprecise result and may
reduce the accuracy of model. To overcome this problem, replace missing value way is an optimal solutionby
using a method “mean of column”. This method replaces 0 with either taking the average of neighborhood
values or mean values of it. Then accordingly it manipulates the 0 value with the newly the calculated value.

After that the values of the dataset were changed from Numeric to Nominal in order to make the dataset

compatible with the ML Techniques used.Before feeding the data into the ML models, a series of preprocessing

steps were performed to improve the model’s accuracy and reliability.

» Handling Missing Data: Missing values in the dataset were identified and handled using mean or median
imputation techniques where applicable.

» Encoding Categorical Variables: Certain features were categorical in nature (e.g., sex, chest pain type) and
were converted to numerical values using one- hot encoding to ensure compatibility with the ML
algorithms.

» Feature Scaling: To ensure that the features were on a similar scale, normalization techniques like Min- Max
scaling were applied, which is particularly beneficial for distancebased algorithms such as Support Vector
Machine (SVM).

» Outlier Detection and Removal: Statistical methods were used in the identification of outliers by their Z-
scores and, they were further handled (either removed or retained) depending on the relevance of these
significant extravagant datasets to the study.

family
history

age sex trestbps chol fbs restecg thalach

oldpeak slope smoking thal

count 300.000000 300.000000 300.000000 300.000000 300.000000 300.000000 300.000000 300.000000 300.000000 300.000000 300.000000 300.000000 300.000000
mean  54.386667 0.686667 0.956667 131.466667 246.363333 0.150000 0.523333 149.286667 0.330000 1.049333 1.393333 0.326667 2.320000
std 9.132094 0.464624 1.035227 17.451382 51.653249 0.357668 0.526351  22.923265 0.470998 1.165286 0.616351 0.469778 0.615518
min 29.000000 0.000000 0.000000 94.000000 126.000000 0.000000 0.000000  71.000000 0.000000 0.000000 0.000000 0.000000 0.000000
47.000000 0.000000 0.000000 120.000000 211.000000 0.000000 0.000000 132.750000 0.000000 0.000000 1.000000 0.000000 2.000000
55.000000 1.000000 1.000000 130.000000 240.500000 0.000000 1.000000 152.000000 0.000000 0.800000 1.000000 0.000000 2.000000
61.000000 1.000000 2.000000 140.000000 274.250000 0.000000 1.000000 166.000000 1.000000 1.650000 2.000000 1.000000 3.000000

77.000000 1.000000 3.000000 200.000000 564.000000 1.000000 2.000000 202.000000 1.000000 6.200000 2.000000 1.000000 3.000000

Figure 2

C. Model Selection

Multiple ML algorithms are chosen for this study due to their demonstrated capacity to work with healthcare

classification tasks:

» Random Forest: A tree based ensemble learning over multiple the results became combined in one better
predictive performance in case of decision trees.

» Decision Tree: A simple tree-based model that makes decisions based on feature splitting, useful for
interpreting results.

» Support Vector Machine (SVM): A classification finding the hyperplane algorithm that were effective in
highdimensional spaces.
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Naive Bayes: Probabilistic classifier based on Bayes’ theorem.

Multilayer Perceptron (MLP): A deep learning algorithm using multiple layers of neurons, capable of
capturing complex patterns in the data.

XGBoost: An optimized gradient boosting algorithm that excels in both speed and accuracy.

YV VYV

D. Model Training and Testing

Individual accounts making up each of ML models was trained on 80% of the 20% as a test set to evaluate this
model how well they perform on new examples. Cross-validation . This was done during the training phase, in a
5-fold models that had not overfitted, and were fine-tuned having great generalization ability on new data. The
training python libraries used for the process likenumpy: For basic numerical operations,scipy: For scientific
computed broker,pandas: Data manipulation and analysistensorflow : an end-to-end open source platform for
machine learning. And Scikit-learn, TensorFlow & XGBoost implemented on Google Colab. During training,
grid We tuned hyperparameters of the models using grid Search for hyperparamter tuning.
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Figure 3

E. Model evaluation

To evaluate the performance of each ML model, multiple metrics were considered: ¢ Accuracy: % of correct
predictions made by the model. ¢ Precision: the number of positive predictions, that are actually positive. « The
total number of positive predictions. ¢ Recall (Sensitivity): The proportion of the positive classes that were
correctly predicted by the model is known as Recal that detect all positive cases as being positively case (true-
positive) cases. » F1 Score: The harmonic mean of precision and remember, provides a good balance of both.
ROC-AUC (Receiver Operating Characteristic - Area Under Curve): A measure for the ability of a model to
establish a class as either positive or negative over various possible threshold levels.

V. RESULTS
TABLE 1
MODEL ROC Area ACCURACY
SVM 0.993 0.993
Random Forest 0.996 0.996
Decision Tree 0.861 0.861
Naive Bayes 0.902 0.902
XG Boost 0.842 0.860

This section presents the techniques and best-performing learning models used in our study. The evaluation
criteria for the heart disease prediction model are the Area Under the ROC Curve (AUC) and accuracy. The
Support Vector Machine (SVM) demonstrated success in solving the data, achieving an AUC of 0.995 and an
accuracy of 99.5%. The Random Forest model achieved a slightly better ROC value of 0.997 and an accuracy of
99.7%, surpassing the efficacy of the SVM for this dataset. In contrast, the Decision Tree model exhibited lower
performance, with an AUC of 0.851 and an accuracy of 85.1%, which is worse compared to Random Forest. The
Na“1ve Bayes classifier also performed well, with an AUC of 0.904 and an accuracy of 90.4%, making it a
reliable model, though not the best. Lastly, the ROC area for the XGBoost model was 0.841, with an accuracy of
85.9%. Although XGBoost is known for its enhanced performance, it did not perform as well as Random Forest
and SVM in this particular test, yet still achieved competitive results. At the end of our experiment, our models
yield the following results:
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# Heart Disease Pr... = a X

Enter Your Age 63
Male Or Female [1/0] 1
Enter Value of CP 3

Enter Value of trestbps  [145
Enter Value of chol 233
Enter Value of fbs 1
Enter Value of restecg |0
Enter Value of thalach 150
Enter Value of exang |0
Enter Value of oldpeak (2.3
Enter Value of slope 0
Enter Value of ca 0
Enter Value of thal 1
Predlctj
Possibility of Heart Disease

Figure 3

V1. CONCLUSION

Through this research we have attempted to analyze the various machine learning techniques and anticipate if
someone in particular, given different individual attributes and indications, will get coronary illness or not. The
primary thought process of our report was to looking at the exactness and analyzing the reasons behind the
variation of different algorithms. We have used Kaggle dataset for heart diseases which contains many instances
and used percent split to divide the data into two sections which are training and testing datasets. We have
considered some attributes and implemented five different algorithms to examine the accuracy. By the end of the
implementation part, we have discovered that Random Forest is giving the maximum accuracy level in our
dataset which is 99 percent and Decision Tree is playing out the least with an accuracy level of 85 percent.
Probably for other instances and different datasets other algorithm may work in better manner however for our
situation, we have discovered this outcome. Also, on the off chance that we increment the number of training
data, maybe we can find more accurate result but it will take more time to process and the system will be slower
than now as it will be more perplexing and will be handling more data. In this way, considering these potential
things we took this choice, which is better for us to work with.
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