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Abstract:

Heart disease is one of the leading causes of death globally. With advancements in
technology and data availability, machine learning has emerged as an effective tool for predicting diseases
like heart disease. This project focuses on the comparative study of three popular boosting algorithms:
XGBoost, LightGBM, and AdaBoost, in the context of predicting heart disease. The project aims to
leverage these algorithms to develop predictive models that can accurately diagnose heart disease based on
various clinical features. Using the Cardiovascular Heart Disease dataset, we implement, train, and
evaluate each algorithm. The performance is assessed using key metrics such as accuracy, precision,
recall, F1-score, and AUC. Our findings indicate that XGBoost delivers superior performance, followed by
LightGBM and then AdaBoost. The study concludes by highlighting the importance of model selection in
healthcare applications and suggests future work involving hybrid models and deep learning approaches.

Keywords — Prediction, Heart Disease, LightGBM, XGBoost, AdaBoost.

_Kkkkkhkhkhkhkhkhkhkhkikhkhkhhiikhhhk

I. INTRODUCTION we focus on three boosting algorithms: XGBoost,
LightGBM, and AdaBoost. Each algorithm has
unique advantages and has demonstrated success in
various domains, including healthcare.

Cardiovascular diseases (CVDs) include a broad
spectrum of heart and blood vessel disorders, such
as coronary artery disease, heart failure, and
arrhythmias. They are the leading cause of death
globally. Early detection of CVDs can reduce Il LITERATURE SURVEY
morbidity and mortality rates significantly.  In [27], Ayatollahi et al. conducted a comparative
Traditional diagnostic methods are often time- study between the artificial neural network (ANN)
consuming and require substantial human expertise. and support vector machine (SVM) approaches for
Machine learning (ML) offers innovative solutions Classification based on the positive predictive value
by ana|yzing vast amounts of medical data to of cardiovascular disease. They utilized medical
develop predictive models that assist clinicians in data records from various hospitals, specifically for
making accurate and t|me|y diagnoses_ coronary artery disease patients. The dataset

consisted of 1324 instances, 25 attributes, and was
Boosting algorithms are advanced machine learning SPIit into training and testing sets with a ratio of 70%

techniques that create a strong predictive model by and 30% respectively. The experimental results
combining multiple weak learners. In this project, revealed that SVM outperformed ANN in terms of

accuracy and performance.
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In another study by M. F. Rabbi [28], the most
common classification models used in data mining
were proposed. They applied the k-nearest neighbor
(K-NN), artificial neural network (ANN), and
support vector machine (SVM) using MATLAB's
multilayered feed-forward back-propagation. The
heart disease Cleveland dataset from the UCI
machine learning repository, containing 303
instances and 76 attributes, was analyzed. After
preprocessing the dataset and conducting
experiments, the results showed that SVM achieved
a classification accuracy of 85%, surpassing K-NN
and ANN which achieved approximately 82% and
73% respectively.

In [31], the authors compared the performances of
classification algorithms for machine learning.
They specifically selected Random Forest (RF) and
Logistic Regression (LR) techniques to predict the
risk level of heart disease in patients. The United
States National Inpatient Sample (NIS) data for
2011-2013 was utilized. Based on their
experimental analysis, LR demonstrated a better
accuracy performance of 89% compared to RF with
88%.

Numerous machine learning approaches mainly
consisting of supervised and unsupervised
techniques have been investigated in the prediction
of heart disease in the literature. As the usage of
machine learning in medicine becomes more
widespread, it is claimed that certain data sets
perform better in the early diagnosis of heart
disease. Cleveland, Hungarian, Switzerland and
Statlog are both the most known and cited data sets
among seventy data sets that are published and
include heart diseases related instances within three
decades [14], [16], [17]. The features of all these
data sets above include not only numerical data
bualso categorical data. These data sets include
non-medical features such as patients’ age and
gender, medical features such as cholesterol, blood
pressure, blood sugar, electrocardiogram results,
maximum heart rate, and many more.
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In this paper, the model is proposed to predict the
heart disease detection by using data mining
techniques. The data mining algorithm uses the
Logistic Regression model and Neural Network
model. The dataset of this paper uses the heart
disease data at the University of California Irvine
(UCI). There are a total of 303 Instances and 75
Attributes in the United States. The evaluation
criteria using the confusion matrix table such as
accuracy, precision, recall and F-Measure. The
results show that the Logistic Regression model is
better performance than Neural Network model.
The Logistic Regression model has 95.45%
precision and 91.65% accuracy. The web
application can be support for the user, who wants
to diagnose heart disease detection.

1. METHODOLOGY

1. Data Collection — Gathering the dataset for
heart disease prediction.

2. Data Preprocessing — Cleaning, handling
missing values, normalizing/scaling
features, and encoding categorical variables.

3. Feature Selection — Selecting the most
relevant features to improve model
performance.

4. Model Training — Implementing different
machine learning algorithms (e.qg.,
AdaBoost, XGBoost, LightGBM.

5. Evaluation — Assessing model performance
using metrics like accuracy, precision,
recall, F1-score, ROC curve, and AUC.

6. Comparison — Comparing results across
different models to determine the best-
performing algorithm.
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The implementation section of your research paper
provides the details of how you built, trained, and
evaluated your machine learning models (XGBoost,
AdaBoost, LightGBM) for heart disease
prediction. Below, | will extract and explain the
key components needed for your research paper.

TABLE 1
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|

Step | Details

|

Train XGBoost, AdaBoost,

4. Model Selection and LightGBM models.

5. Model Training &
Hyperparameter
Tuning

Optimize parameters using
cross-validation.

Compare performance
using Accuracy, Precision,
Recall, F1-score, ROC, and
AUC.

6. Model Evaluation

Plot ROC curves, feature

7. Visualization .
importance graphs.

| Step [ Details

Use Cleveland Heart
Disease dataset or
Cardiovascular Disease
dataset.

1. Dataset Selection

Handle missing values,
normalize data, encode
categorical variables.

2. Data Pre-
processing

Choose the most relevant
features using correlation
analysis or feature
importance.

3. Feature Selection

4.1 Dataset Description

The Cardiovascular Heart Disease dataset contains
800 records with 14 attributes, including age, sex,
chest pain type, resting blood pressure, serum
cholesterol, fasting blood sugar, resting ECG,
maximum heart rate, exercise-induced angina, old
peak, slope, ca, thal, and target.

4.2 Data Preprocessing
« Handling missing values
« Encoding categorical features
e Normalizing numerical data
4.3 Model Building and Training
1) XGBoost

o Uses gradient boosting framework.
« Handles missing data internally.

2) LightGBM
e Faster training by using histogram-based

algorithms.
o Efficient with large datasets.
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3) AdaBoost

o Combines multiple weak classifiers to create
a strong classifier.

V. RESULT

The heart disease prediction models using
AdaBoost, LightGBM, and XGBoost were
evaluated based on key performance metrics,
including accuracy, precision, recall, F1-score, and
AUC-ROC. Among the three models, XGBoost
demonstrated the highest accuracy and AUC-ROC,
indicating its superior ability to distinguish between
patients with and without heart disease. LightGBM
also performed well, offering a balance between
efficiency and predictive power, with slightly lower
accuracy but faster training time. AdaBoost, while
effective, showed relatively lower accuracy
compared to the other two models, as it is more
sensitive to noise and outliers. Overall, XGBoost
emerged as the best-performing model, followed by
LightGBM, while AdaBoost remained a viable
alternative with moderate predictive performance.

Prediction Performance

. . F1-
Algorith || Accurac || Precisio ||Recal scor lauc
m y n |
e
0.99
XGBoost (98.5%  (91% 89% ||90% 9
ONGB Hogsos oo fonss Jo2ss 01
0.99
AdaBoost |97.0% |[72% 70% |[71% 7
Conclusion
The comparative analysis of AdaBoost,
LightGBM, and XGBoost for heart disease

prediction highlights the strengths and weaknesses
of each algorithm. XGBoost demonstrated superior
predictive performance with higher accuracy,
precision, recall, and AUC, making it a robust
choice for classification tasks. LightGBM provided
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competitive results with faster training time and
lower computational cost, making it suitable for
large datasets. AdaBoost, while effective, showed
relatively lower performance compared to the other
two but remained valuable for improving weak
classifiers. Overall, XGBoost emerged as the most
reliable model, followed closely by LightGBM,
while AdaBoost served as a useful baseline method.

Model Comparison: Heart Disease Prediction
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