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Abstract. Heart disease remains one of the leading causes of illness and mortality worldwide,
making quick and accurate diagnosis more essential. Many doctors rely on multiple clinical indi-
cators such as patient’s age, lifestyle habits, and laboratory test results to evaluate a patient’s risk.
Most existing computerized prediction systems use a single machine learning model and rely on
only few parameters, which will likely limit the reliability of predictions and will not be able to
give a complete picture of a patient’s overall. The suggestion is to develop an ensemble machine
learning method for predicting patient behavior. However, rather than relying on single predictive
model, we use collective power of multiple different classifiers, which can be accomplished
through a combination of bagging and boosting techniques. By evaluating population demo-
graphic information, biochemistry laboratory test results, and lifestyle habits, this method mini-
mizes both bias and overfitting which means the model provides more stable predictions. The
performance of the model is measured with standard metrics, thus providing the opportunity for
earlier detection, better clinical decisions and timely diagnosis and individualized treatment op-
tions and preventative care, which allow for enhanced long-term heart health with improved out-
comes.

Keywords: Ensemble Machine Learning, Decision Trees, Random Forests, Bagging & Boosting,
Accuracy, Healthcare Diagnostics.

1 Introduction

Through the application of machine learning (ML), intelligent systems can be created
that utilize a historical medical dataset to make accurate predictions concerning clinical
outcomes. In the healthcare sector, ML techniques have the ability to analyze large
amounts of data in which complex patient data such as age, cholesterol level, blood
pressure and chest pain type provides a means of diagnosing heart disease. By examining
these factors for patterns and correlations, machine learning will allow for improved
accuracy and timeliness in making clinical decisions.

Latest Research revealed that hybrid approaches combine oversampling techniques with
adaptive boosting improve risk classification accuracy, and stacked ensemble methods
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that combines XGBoost and deep learning algorithms perform better than single
classifiers on standard heart disease datasets. HeartEnsembleNet, for example, con-
firmed high accuracy rate of close to 93% using a combination of multiple classifiers.

Machine learning models are differ from traditional diagnostic models because they can
keep learning as new data becomes available. It helps diagnosis by automating tasks,
reducing human error, and allow early detection of heart disease in high-risk patients.
Even with recent advancements, challenges remain regarding dataset imbalance, limited
external validation, and inconsistent performance across diverse populations, indicating
the need for further comparative studies.

Finally, using comparative studies of machine learning algorithms such as k-nearest
neighbour,decision trees, support vector machines, logistic regression, etc. assist in
determining which method is most appropriate for real-world clinical settings and
enhancing the role of machine learning within predictive healthcare environments.

2 Literature Survey

Heart disease prediction has been extensively researched using machine learning algo-
rithms to enhance early diagnosis. Alizadehsani et al. [1] introduced a data mining
model for diagnosing coronary artery disease. It showed that systematic feature extrac-
tion and classification can greatly improve prediction accuracy. This study highlighted
the importance of well-prepared clinical data in enhancing model accuracy.

Ismaeel et al. [2] used Extreme Learning Machines (ELM) to predict the disease, look-
ing to train the model more quickly without losing accuracy. Polat and Giines [5] com-
bined fuzzy logic and neural networks to improve interpretability and decision support,
explaining the importance of understandable models in  medicine.

Liu et al. [4] proposed hybrid machine learning methods which uses combination of
multiple classifiers to improve robustness and generalization. Sharma and Parmar [3]
also proposed the use of deep learning neural networks for predicting heart disease, with
high accuracy. These works justify the application of ensemble models in the current
study.

3 Methodology

Data collection, data preprocessing, model building, evaluation, and result interpreta-
tion are part of the system's structured machine learning pipeline. The procedure begins
with collection of required clinical data, which is then cleaned and prepared to ensure
accuracy and consistency. The algorithms are employed to classify patients as either
having heart disease or not. To compare the difference in the performance of the mod-
els, individual models as well as ensemble models are developed. The models are tested
using various metrics such as accuracy, precision, recall, F1 score, cross-validation, and
confusion matrix to provide reliable results.
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3.1 Data Preparation

This study makes use of two structured datasets, which are frequently utilised in cardi-
ovascular research. Important clinical characteristics like age, gender, blood pressure,
cholesterol, type of chest pain, and other diagnostic features are included in the two
datasets.

Table 1: Heart Disease Datasets Overview

Dataset Name Source Records | Features Purpose
Model scaling and
Heart-Disease-Study Kaggle 70,000 14+ generalization
UCI Heart Disease UCI Repository 303 14 Model training and
evaluation

3.2  Data Preprocessing

The datasets are preprocessed to improve their quality prior to training. The feature
names are standardised, the superfluous columns are removed, and median imputation
is used to handle the missing values. To prevent multicollinearity, one category is re-
moved after the categorical variables are converted into numerical variables using en-
coding techniques.

Heart-Disease-Study

—— Patients
patient_ID_1
clinical_ data.csv
L baseline data.csv

-

patient_ID_2
clinical_data.csv
L baseline_data csv

L patient ID_N

|—— clinical_data.csv
L baseline_data.csv

— Metadata
—— data_dictionary txt
L features_description_txt

The data used for this study are structured hierarchically. All data reside under the
Heart-Disease-Study directory and are organized at a patient level. Each patient has a
unique identifier from patient ID 1 to patient ID N. Every patient has two different
data files: clinical data.csv, with detailed clinical and laboratory measurements, and
baseline data.csv, with baseline or reference information collected before the collec-
tion of detailed clinical data.

Apart from the patient-specific data, there is also a separate Metadata directory to sup-
port the interpretation of the data. This metadata directory contains a data_dictionary.txt
file that defines the variables used in the dataset and a features_description.txt file that
describes the clinical relevance and meaning of each feature. The hierarchical structure
defined here will uniformly organize the records of patients, and comparative analysis
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of the baseline and clinical data for each individual will facilitate performing machine
learning—based studies to predict heart diseases using this dataset.

3.3  Exploratory Data Analysis

To examine trends and correlations among the variables, exploratory data analysis is
done. As seen in Figures 1. and 2. heatmaps of correlation are used to depict the signif-
icant and less significant correlations to identify the influential variables related to heart
disease. After that, the data is split into 80:20 training and testing sets.

f—y

Correlation Matrix for cardio_train.csv

Fig. 1 Dataset-1 Correlation Heatmap Fig. 2 Dataset-2 Correlation Heatmap

3.4  Feature Selection

Feature selection has been done using a technique involving correlation and ranking
based on feature importance. After completing the preprocessor step, a correlation heat
map has been developed to showcase correlations between features in a dataset and
correlations above a certain threshold have been observed between some features.

Additionally, a Random Forest classifier was used to train the entire set of variables,
and the feature importances were obtained from the trained classifier. The feature im-
portances derived from the training of the model were utilized to derive the most im-
portant set of variables that are most important with respect to their relevance to the
possibility of a person having a heart disease. The most important set of variables in-
cludes the outcome variable as well as the major study variable.

3.5 Model Development

To assess the predictive accuracy, various machine learning algorithms are used. These
models range from simple to complex techniques to understand the trade-offs between
interpretability, complexity, and accuracy. The models employed are:
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Logistic Regression. Because of its ease of use and interpretability, logistic regression
is used as a baseline model. It creates a benchmark for assessing the performance im-
provements attained by more intricate models.

Optimized Random Forest. Randomised search is used to improve the Random For-
est model through hyperparameter tuning. The model enhances predictive stability and
lowers variance by combining several decision trees.

Stacking classifier. The Stacking Classifier combines multiple base learners in a lay-
ered approach. It feeds the outputs of different models into a meta-classifier to improve
generalization and take advantage of the strengths of individual classifiers.

Bagging Meta Estimator. Bagging uses bootstrap sampling to train multiple instances
of a model on different subsets of data. The final prediction is obtained by aggregating
individual outputs, reducing overfitting and enhancing robustness.

Gaussian Naive Bayes. Gaussian Naive Bayes is added as a light probabilistic model
that assumes independence between features. Although it is a simple model, it is very
fast in making predictions.

4 Results and Discussion

The models that are employed for predicting heart disease on two different datasets are
analyzed in this section. This includes confusion matrix analysis and performance met-
rics to assess the models' predictability. Several derived performance measures are
computed using these measurements: precision, accuracy, F1-score, recall and confu-
sion matrix.

4.1  Confusion Matrix Analysis

To visualize the distribution of true and predicted labels, a confusion matrix was gen-
erated for optimised random forest model.
5000
1577 4500
- 4000

Confusion Matrix

Confusion Matrix
3500

80

° 26 L 70

°

- 60
- 50
-40

-- 18 4
-30
-20

0 1

Predicted

Actual
Actual

3000

- 2500

-2000

Predicted

Fig. 3 Confusion Matrix Analysis - Dataset 1 Fig. 4 Confusion Matrix Analysis - Dataset 2



Ensemble Learning-Based Predictive Analysis for Heart Disease. .. 47
Observations:

e Recall is a critical metric in healthcare, as low recall leads to false negatives
and missed heart disease diagnoses.

e  The Optimized Random Forest performed very well in terms of recall, making
it a more accurate tool for early detection and screening.

e  Prior cardiovascular prediction studies also emphasize recall as an essential
measure in clinical machine learning systems.

4.2  Model Comparison

The results are summarized in Table 2(a) and Table 2(b):

Table 2(a). Model Comparison Table - Dataset 1

Model Accuracy (%) |Precision (%)|Recall (%) | F1-Score (%)
Optimised Random Forest 80.04 77.19 83.02 80.00
Logistic Regression 75.71 75.72 75.71 75.71
Stacking Classifier 76.67 76.68 76.67 76.66
Bagging Meta Estimator 75.24 75.47 75.47 75.47
Gaussian NB 74.76 76.77 71.70 74.15

The accuracy of 80.04% achieved is comparable to the results obtained by Liu et al.
(2020), who showed that hybrid ensemble and tree-based classifiers can achieve accu-
racy above 78% on cardiovascular disease datasets. This further reinforces the use of
ensemble classifiers for heart disease prediction.

Table 2(b). Model Comparison Table - Dataset 2

Model Accuracy (%) |Precision (%) [Recall (%)|F1-Score (%)
Optimised Random Forest 73.69 75.67 69.95 72.90
Logistic Regression 69.88 69.97 69.88 69.85
Stacking Classifier 73.66 73.78 73.66 73.63
Bagging Meta Estimator 71.61 72.95 68.85 70.84
Gaussian NB 57.39 75.60 22.05 34.14

The slight loss of accuracy on Dataset 2 could be attributed to the smaller size of the
dataset (303 records) compared to Dataset 1 (70,000 records). This could be due to the
smaller datasets generalizing less and possibly having class imbalance. On the other
hand, Gaussian Naive Bayes was inadequate in larger or more unbalanced datasets be-
cause clinical features like blood pressure and cholesterol levels are not independent,
making Naive Bayes a less effective classifier.
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5 Conclusion and Future Scope

The system proposed in this study demonstrates a practical approach for the early pre-
diction of heart disease using machine learning techniques. Experimental results show
that ensemble-based models perform more reliably than individual classifiers, with the
optimized Random Forest achieving the highest accuracy of 80.04% along with strong
recall, which is essential for reducing missed diagnoses in clinical screening. Careful
data preprocessing, including feature encoding, handling missing values, and class bal-
ancing, played an important role in improving model stability and consistency across
datasets.

The findings also indicate that dataset size and class distribution significantly influence
predictive performance, with better generalization observed on the larger dataset. These
results are in line with existing studies that highlight the robustness of ensemble learn-
ing methods in healthcare prediction tasks. Future work can focus on incorporating ad-
vanced models such as XGBoost and deep learning techniques, validating the frame-
work on real-world clinical data, and extending the system to support multi-disease
prediction, thereby enhancing its applicability as a clinical decision support tool.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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