
INTRODUCTION
Heart disease is still a major worldwide health risk that 
claims lives. International healthcare organizations have 
released statistics reports indicating that 17.9 million fatalities 
worldwide in 2019 were due to cardiovascular disorders, which 
make up an astounding 32% of all deaths.1 Predictions suggest 
a concerning increase in the number of affected individuals 
23 million by 2030, according to estimates. Heart disease and 
stroke account for a sizable majority of these cardiovascular 
disease-related deaths 85%. These conditions primarily affect 
low-income nations, where they cause 85% of disability and 
80% of deaths.1

To drastically reduce the number of premature fatalities, 
early detection and prediction of heart disease are essential. 
Heart-related disease risk and progression are influenced by 
a variety of factors, such as age, changes in lifestyle, dietary 
habits, and socioeconomic status, which can affect things like 
access to healthcare facilities.2,3 Other risk factors for heart-
related issues include high blood pressure, abnormal blood lipid 
levels, increased glucose, obesity, and overweight disorders.4

Investigating artificial intelligence methods could improve 
the prognosis of heart-related conditions and allow for the 
early implementation of preventative measures. In particular, 
machine learning (ML) approaches offer ways to improve 
healthcare governance and resource efficiency. This allows 

for better patient health services, which benefit a range of 
stakeholders, including patients, practitioners, telemedicine 
systems, hospital management, and providers.5

The objective of this work is to use Ensemble Learning (EL) 
techniques to create a sophisticated model for the prediction 
of heart disease. The goal is to improve the prediction model’s 
accuracy and other performance indicators, given how 
important this application is. New contributions include feature 
engineering, thorough data preparation, and using boosting 
methods in an ensemble learning framework to improve model 
resilience and prediction accuracy.

This article’s following sections are arranged as follows: A 
review of relevant work is provided in Section 2, the technique 
and dataset are outlined in Section 3, the experimental details 
and results are presented and analyzed in Section 4, and the 
conclusion and future directions are provided in Section 5.
Background Work
In a variety of fields, machine learning and ensemble learning 
approaches have become effective instruments that provide 
legitimate, dependable, and consistent solutions to real-world 
issues.4,5 A great deal of research has been done using these 
approaches in the field of illness prediction, namely in the area 
of cardiovascular disorders.6 To improve the field of identifying 
heart-related illnesses, researchers have investigated a variety 
of datasets, algorithms, and techniques.7,8
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Figure 1: Our proposed implementation work

In order to improve illness risk prediction,9 investigated with 
ensemble approaches such as bagging, boosting, stacking, 
and majority voting using conventional classifier algorithms. 
A majority voting approach yielded the greatest accuracy.10 
gradient boosting technique, which takes into account a number 
of medical indicators, is based on recursive feature reduction 
and is intended to detect cardiac disease.11 investigated a 
number of ensemble approaches, including as AdaBoost, GBM, 
LGBM, XGBoost, and CatBoost; XGBoost produced the best 
results when it came to coronary disease prediction.

By using Bayesian optimization for hyper-parameter 
tweaking and one-hot encoding for categorical features,12 
improved the XGBoost classifier for accurate heart disease 
prediction. A comprehensive investigation of EL methods 
on a dataset comprising categorical and numerical variables 
was carried out,13 demonstrating the efficacy of combining 
SVM and AdaBoost for heart disease prediction.14 created 
a framework for predicting heart illness by contrasting EL 
approaches with traditional ML techniques; they found 
that SVM with boosting produced the best accuracy rate.15 
used ensemble learning to predict heart disease, and bagged 
classifiers performed better than other classifiers.

Using ten machine learning algorithms,16 created a 
model to predict cardiac disease, with SVM producing the 
highest accuracy. Framework17 achieved great accuracy 
using the random forest method by combining the boosting 
method and neural network approaches. In a comparison of 
machine learning methods for heart disease prediction,18 
found that a hybrid random forest and linear model produced 
encouraging findings. Even while ensemble learning has 

made significant progress in heart disease prediction, many 
studies still lack the proper data preparation, normalization, 
and standardization all of which are essential for enhancing 
prediction performance.
Proposed Method
The approach used for this experimental work is shown in 
Figure 1, which also outlines the procedural steps necessary 
for early illness prediction using different ensemble learning 
algorithms. Using the flexibility and accessibility of a web-
based Jupyter Notebook, a publicly available dataset on heart 
disease is imported. Python programming is used to install 
necessary library packages from Sklearn. 

To forecast the illness, boosting classifiers are first applied 
without any data preparation. Further investigation into the 
data shows that pre-processing is essential for improving 
prediction accuracy. During the preparation stage, data 
imputation techniques are used to find and replace missing 
values, and the interquartile range approach is utilized to find 
and exchange dataset outliers. In addition, the required libraries 
are used to locate and fix any faulty data in the dataset.

The dataset is then split in half, with 80% going toward 
training the model and the remaining 20% going toward 
testing, or an 80:20 ratio. Results are validated using K-fold 
cross-validation (K = 10). In order to get the intended prediction 
results, the pre-processed data is finally reintroduced to the 
three boosting techniques that were studied: stacking and 
gradient boosting.
Methods Used
In order to forecast cardiac disease, ensemble learning 
approaches are investigated in great detail. Three ensemble-
learning-based boosting techniques are examined in the study: 

Gradient boosting is the sequential training of weak 
learners with an emphasis on reducing disparities between 
anticipated and actual values. Gradient boosting involves 
gradually adding estimators by adjusting weights.
XGBoost
A combination of many decision trees that computes similarity 
scores on their own. Regularization and gradient descent are 
adjusted to reduce overfitting.
KNN
Regression and classification using a non-parametric approach. 
It designates the bulk of its k-nearest neighbors’ class.
Stacking CV Classifier
A stacking classifier that readies the input data for the second-
level classifier using cross-validation. Through the use of a 
meta-classifier, it integrates many classification models.
Dataset
A well-known dataset on heart illness is used in the experiment, 
and it comes from the machine learning repository at the 
University of California, Irvine. This dataset is a favorite 
among researchers due to its extensive demographic coverage 
and wealth of clinical variables pertaining to heart disease. 
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Attributes
The dataset is divided into dependent/target variables and 
predicate/independent variables, with 1329 occurrences and 
14 characteristics total. Table 1 provides comprehensive 
parameters data, including assessment, limits, and overview.
Description of the dataset
Descriptive statistics are essential for determining the 
properties of the data. It condenses the information such that 
human comprehension of the data is made easier. For the 
clinical qualities, Table 2 offers statistical metrics such as the 
number of records, mean, standard deviation (Std), minimum 
(min) value, and maximum (max) value. The age characteristic, 
for instance, has a standard deviation of 8.97 and a mean 
value of 55.39, ranging from 25 to 75. The remaining qualities 
likewise have their statistical measures computed.
Equilibrium of classes
When the dataset used for machine/ensemble learning models 
is not balanced for the issue statement, the models perform 
poorly. When the target class is not uniformly distributed, a 
balanced dataset can be created using a variety of sampling 
approaches. Class 1 indicates heart illness with 691 cases in 
the dataset used for this experiment, while class 0 represents 
no heart disease with 637 occurrences. Figure 2 illustrates this 
good blend of classes.
Correlation coefficient analysis
A statistical method for figuring out the orientation and extent 
of the relationship between various factors in a dataset is 
correlation coefficient analysis (CCA). The links between the 
dataset’s properties are found and shown in this study by the 

Table 1: Representation of comprehensive details of a dataset as per column 

Parameters Overview Assessment Limits

Age  individual Years 25–75

Sex  individual 1 = male, 0 = female 0 or 1

Cpericarditis Level chest pain Low, moderate, high, extremely high 0–3

RestingBP Blood pressure of an individual while at rest mm Hg 94–200

Cholesterol Level of serum cholesterol mg/dl 126–564

FastingBP fasting 1 = true, 0 = false 0 or 1

RestingECG Resting electrocardiographic results of an individual 
while inactive

0 = normal, 1 = having ST elevation, 2 = 
hypertrophy 

0–2

MaximumHR Highest heart disease rate Beats per minute 71–202

ExerciseIA angina disease 1 = True, 0 = False 0 or 1

Oldpeak ST depression Numeric value Relative

Slope When a person is exercising, the slope in the ST 
segment shows the previous peak value.

0 = downsloping, 1 = flat, 2 = upsloping 0–2

Ca Total number of major blood vessels that fluoroscopy 
has colored.

Numeric 0–3

Thal Presence of thalassemia 3 = normal, 6 = fixed defect, 7 = reversible defect 3–7

Outcome Class attribute indicating presence of heart disease 0 = No, 1 = Yes 0 or 1

Figure 2: Bar chart representation between limits and parameters

Figure 2: Class of heart disease division by pie chart

application of CCA.20 A well-structured dataset is indicated 
by a significant correlation or link between independent and 
dependent features. 

The correlation coefficient matrix for every feature used 
to predict illness is shown in Figure. 3. The associations span 
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the x- and y-axes and vary from +1 to -1. The degree of link 
between the respective intersecting qualities is represented 
by each cell in the matrix. The correlation coefficient value of 
0.12 indicates a slight positive link between age and resting 
blood pressure, for example.

RESULT AND EXPERIMENT DISCUSSION
This section explores the experimental design, results, and 
subsequent debate about the application of ensemble methods 
for the prediction of heart disease. The outcomes derived from 
applying the suggested framework are carefully examined 
and analyzed. The pre-processing and post-processing stages 
for illness prediction are the two sections of the results 
presentation. A thorough analysis is carried out, with a 
particular emphasis on the investigated boosting algorithms’ 
performance parameters, such as computational time, f1-score, 
precision, recall, and receiver operating curve.

Preparing the Data
In order to guarantee the stability and dependability of machine 
learning models, data pre-processing is essential.21 The data 
imputation approach was used in this study to find and replace 
missing variables. First, all missing values were found with 
the pandas library method. Then, mean and mode imputation 
techniques were implemented with Simple Imputer library 
method to fill in the missing values. The mean, median, and 
mode of the column were substituted for any missing values 
throughout this procedure. Employing the Interquartile range 
approach, which found and replaced outliers by using Z-score 
algorithms to center the mean around zero and modify the 
distribution of all data samples.
Classifier Accuracy
Figure 4 shows the testing accuracy of boosting methods. 
This study uses Extreme Gradient Boost (XGBoost), KNN, 
Decision Tree SVM and StackingCVClassifieralgorithms. 
The accuracy of classifiers like XGBoost, KNN, DT, SVM 
and StackingCVClassifierwas measured as 90, 89, 81.96, 
88.52, and 92%, respectively, in the absence of pre-processing 
approaches. Following the use of pre-processing procedures, 
StackingCVClassifier outperformed the other ensemble 
method, attaining the greatest accuracy is 92.20%, ahead of 
XGB and KNN which achieved 90 and 89%, respectively.
Significance of Feature
When determining how much input feature (independent 
predicate variables) contributes to the prediction of the 
dependent variable, feature engineering is essential.22 It 
helps improve machine/ensemble learning models’ prediction 
outcomes. The feature importance score in this study indicates 
how frequently parameters is utilized for splitting throughout 
the training phase. A characteristic (like cholesterol) with a 
higher F-score is more significant in terms of prediction. Based 

Table 2: Lists the clinical statistical measurements along with their corresponding measures

Parameters Count Mean Standard deviation Minimum Maximum

Age 1328 55.39 8.98 25 75

FastingBP 1328 0.20 0.45 0 1

Cpericarditis 1328 0.95 1.15 0 4

RestingECG 1328 0.61 0.52 0 2

Cholesterol 1328 235.11 50.99 127 565

Thal 1328 2.22 0.50 0 3

Sex 1328 0.71 0.51 0 1

MaximumHR 1328 150.02 23.01 72 203

Slope 1328 1.50 0.71 0 3

Ca 1328 0.82 1.15 0 4

Oldpeak 1328 1.12 1.28 0 1

RestingBP 1328 132.52 18.01 95 202

ExerciseIA 1328 0.44 0.50 0 1

Outcome 1328 0.61 0.50 0 1

Figure 3: Correlation coefficient matrix
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on each attribute’s F-score, Figure 5 shows the importance of 
each attribute to prediction in descending order. For example, 
fasting blood pressure has the lowest value in prediction, but 
cholesterol has the highest significance.
ROC Curve
The predictive power of the examined ensemble methods at 
different thresholds is shown using the receiver operating 
characteristic (ROC) curve. It shows, on the x- and y-axes, 
respectively, the false-positive rate compared to the true-
positive rate. Analysing how effectively the models separated 
with two classes 0 represented ‘No’ means there is no 
heart disease and 1 represented ‘Yes’ means there is heart 
disease made possible via the ROC curve. A higher ROC 
curve shows superior ability in predicting values between 
0 and 1. Figure 6 displays the ROC curves for XGBoost, 
KNN, DT, SVM, logistic regression, Naïve bayes, random 
forest and StackingCVClassifier, and GB, in that order. 
Based on these numbers, the highest-performing option is 
StackingCVClassifier, followed by KNN and XGBoost.
Evaluation by Comparison
The suggested approach showed promising outcomes for heart 
disease prediction across a range of assessment parameters. 
Table 3 shows the results of a comparison of the suggested 
framework’s accuracy, dataset, and approach performance 
with a number of pertinent research. The findings of our 
suggested framework were good, especially in terms of heart 
disease prediction accuracy. To produce better results than 

earlier relevant research, strategies including data imputation 
for managing missing values and the Boxplot technique for 
identifying and replacing outliers were used.

CONCLUSION AND FUTURE WORK
In order to improve dataset quality and prediction accuracy, 
this study used a variety of pre-processing approaches in 
conjunction with boosting methods to successfully predict heart 
disease. Through the use of techniques, including imputation 
and data cleaning, the study sought to enhance the dataset’s 
performance. Prior to pre-processing, boosting methods 
areStackingCVClassifier, XGBoostwere put into practice. 
Gradient boosting was shown to be the most successful method 
based on evaluations usedvariation of statistical and ensemble 
methods. Their accuracy is 92.20% and other performance of 
methods attributes of recall, precision, and f1-score. Moreover, 
feature significance analysis clarified the noteworthy inputs of 
independent features to the ultimate prediction results.

It could be helpful to investigate other ensemble methods 
like voting and bagging in order to increase the effectiveness 
of this study. Furthermore, this methodology’s usefulness 
and insights may be expanded by applying it to additional 
healthcare datasets with comparable feature characteristics. 
Additionally, using deep learning methods could provide new 
tools for better cardiovascular disease diagnosis and prediction.

Figure 4: Shown the accuracy of used algorithm in our proposed model

Figure 5: Shown feature importance

Figure 6: ROC curve for various used algorithms in this model

Table 3: Shows the results of a comparison with various research

Reference Algorithms Heart disease 
dataset Accuracy (%)

11 XGB Framingham 86.71
9 Voting Cleveland 84.88 
10 GB -- 88.68
12 Optimization applied 

on XGB
-- 91.76

14 ADB -- 84.59
17 Random Forest -- 89.02
18 HRFLM -- 89.20 
Our 
Method

XGBoost, KNN and 
StackingCVClassifier

-- 92.20 for 
Stacking CV 
Classifier
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