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Abstract:

This study leverages the UCI Cleveland Heart Disease
dataset (297 complete records, 14 features) to present
a two-stage pipeline that couples rigorous feature
engineering with hybrid modeling and compares Logistic
Regression (LR) against Gradient Boosting Decision Trees
(GBDT/XGBoost) for cardiac risk prediction. Mutual
information and recursive feature elimination first isolate
the most informative variables-chest-pain type, maximum
heart rate, exercise-induced ST depression, ST slope, and
number of major vessels-whose clinical relevance is well
established. GBDT then markedly outperforms LR across
all evaluated metrics: accuracy 89.2% vs 83.7%, recall
86.7% vs 80.0%, and AUC 0.925 vs 0.874, demonstrating
the value of capturing non-linear interactions among
risk factors. Feature-importance analysis corroborates
these predictors’ medical interpretability. The authors
acknowledge limitations arising from the modest sample
size and the ongoing need for transparent models; they
recommend expanding the data, integrating SHAP
explanations, and incorporating real-time monitoring.
Overall, explainable GBDT-based tools can support
clinicians in early identification of high-risk individuals,
enabling personalized interventions and improved patient
outcomes.

Keywords: Heart disease; influencing factors; logistic
regression; XGBoost.

1. Introduction

nually. Heart disease, encompassing conditions that
can lead to problems like coronary artery disease,

Cardiovascular diseases, particularly heart disease,
the World Health Organization reports that it remains
the leading cause of morbidity and mortality world-
wide, causing approximately 17.9 million deaths an-

myocardial infarction, and congestive heart failure,
presents complex etiologies influenced by a multi-
tude of interrelated factors. These include biological
characteristics (such as age, gender, and genetic pre-
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disposition), behavioral patterns (such as diet, smoking,
and physical inactivity), and socio-environmental deter-
minants (such as income, education, and access to health-
care). Identifying and quantifying the influence of these
variables is critical for early diagnosis, risk prediction, and
targeted prevention strategies. This study aims to explore
and model the major contributing factors to heart disease
using advanced machine learning approaches, building
upon existing epidemiological insights while integrating
data-driven predictive techniques.

In recent years, numerous studies have applied statistical
and computational methods to examine the risk factors
of heart disease and improve the accuracy of prediction.
Traditional logistic regression has been widely used due
to its interpretability and efficiency; for example, Logis-
tic regression was used by Detrano et al. to analyze the
Cleveland Heart Disease dataset and achieved reasonable
classification performance based on a selected group of
clinical features [1]. However, this method assumes linear
relationships and may underperform with complex nonlin-
ear data. To address this, more flexible machine learning
algorithms have been adopted. Decision tree-based mod-
els, such as random forests and gradient boosting, have
been shown to improve prediction by capturing high-
er-order interactions between features [2]. Additionally,
support vector machines (SVM) have demonstrated ef-
fectiveness in handling high-dimensional biomedical data
and identifying nonlinear boundaries between disease and
non-disease cases [3].

Furthermore, recent developments in deep learning have
led to the use of neural networks in heart disease classi-
fication tasks. For instance, Khosla et al. implemented a
deep multilayer perceptron (MLP) model trained on pa-
tient health records, achieving superior accuracy over tra-
ditional methods [4]. Similarly, convolutional neural net-
works (CNNs), though more common in image analysis,
have been adapted to structured data to uncover complex
feature patterns [5]. Meanwhile, ensemble approaches that
combine multiple classifiers have shown potential in re-
ducing variance and bias, offering more robust and gener-

alizable models [6]. Even though there are advances, there
are still challenges in balancing model interpretability and
predictive performance, particularly in clinical contexts
where explainability is crucial for decision-making.

Given this landscape, this study proposes a hybrid ap-
proach that leverages the strengths of both explainable
and high-performance models. Specifically, this paper
employs a two-stage modeling framework: initially us-
ing feature selection techniques such as recursive feature
elimination (RFE) and mutual information to isolate the
most significant variables, followed by implementing an
ensemble model combining gradient boosting and logistic
regression. This methodology not only ensures interpret-
ability by highlighting key predictors but also maintains
predictive power through nonlinear modeling. The goal of
this study is to provide a reliable and transparent tool for
heart disease risk stratification, ultimately contributing to
more personalized and effective healthcare interventions.

2. Methods

2.1 Data Source

To effectively identify the key factors influencing heart
disease and construct a predictive framework with strong
generalizability and interpretability, this paper adopts a
multi-stage methodology combining statistical analysis,
feature engineering, and machine learning modeling. This
section outlines the dataset used, data preprocessing steps,
feature selection strategies, machine learning models,
evaluation metrics, and experimental pipeline. The entire
framework aims to balance predictive performance with
medical interpretability, which is crucial in clinical deci-
sion support system [7].

The UCI Machine Learning Repository’s Cleveland Heart
Disease dataset is utilized in this study as one of the most
widely used benchmarks for heart disease prediction tasks.
The dataset consists of 303 records, each representing a
patient, with 14 attributes including (table 1):

Table 1. Variable introduction

Category

Examples

Demographic features Age, sex

Clinical test results

Resting blood pressure, cholesterol level

ECG findings

ST depression, slope

Exercise-induced symptoms

Angina and other symptoms

Target variable

Presence (1) or absence (0) of heart disease

After removing entries with missing values, this paper re-

tains 297 complete samples. This relatively small sample



size necessitates cautious handling of overfitting and care-
ful model validation [8].

2.2 Data Preprocessing

Before model training, this paper applies the following
preprocessing procedures: Missing Value Handling: Rows
with missing values are dropped to preserve data integrity.
Feature Encoding: Categorical features such as cp, thal,
and slope are one-hot encoded to enable compatibility
with machine learning models [9]. Normalization: Numer-
ical features such as age, cholesterol, and resting blood
pressure are standardized using Z-score normalization to
ensure zero mean and unit variance. This step is crucial
for gradient-based models and distance-based classifiers
[10]. In order to maintain class distribution, stratified sam-
pling is used to divide the dataset into training (70%) and
testing (30%) sets.

2.3 Feature Selection

Given the potential for noise and multicollinearity, select-
ing informative features is vital to reduce overfitting and
improve interpretability. This paper implements a two-
pronged feature selection strategy:

Mutual Information (MI): Mutual information estimates
the dependency between each input variable and the target
label. Unlike linear correlation, MI captures nonlinear re-
lationships. Variables with the highest MI scores-such as
cp, thalach, and oldpeak-are considered highly informa-
tive [11].

Recursive Feature Elimination (RFE): This paper also ap-
plies Recursive Feature Elimination using logistic regres-
sion as the base estimator. RFE iteratively removes the
least important feature based on model coefficients until
the optimal subset is achieved [12].

2.4 Machine Learning Models

To evaluate the predictive value of selected features, this
paper employs two types of models: Logistic Regression
(LR): As a linear and interpretable classifier, logistic re-
gression estimates the probability of heart disease occur-
rence as a sigmoid function of weighted input variables.
Despite its simplicity, it provides meaningful insights into
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the direction and magnitude of feature effects [13].
Gradient Boosting Decision Tree (GBDT): Gradient
Boosting is a powerful ensemble learning algorithm that
builds an additive model in a forward stage-wise fashion,
minimizing residual errors iteratively. GBDT captures
nonlinear interactions and often outperforms simpler
models on tabular data [14]. This paper uses the XGBoost
implementation, known for its speed and regularization
capabilities [15].

2.5 Evaluation Metrics

This paper adopts several performance metrics to compre-
hensively assess model quality: Accuracy: Overall propor-
tion of correct predictions. Precision: True positives / (True
positives + False positives). Recall (Sensitivity): True
positives / (True positives + False negatives). F1-Score:
Harmonic mean of precision and recall. AUC-ROC: Area
under the Receiver Operating Characteristic curve, reflect-
ing the trade-off between sensitivity and specificity. These
metrics allow for fair comparison and help mitigate the
effect of class imbalance in binary classification problems
[16].

3. Results and Discussion

3.1 Descriptive Analysis

The UCI Machine Learning Repository provided the
Cleveland Heart Disease dataset for this study. Heart dis-
ease prediction models are evaluated using it as one of the
most popular benchmark datasets. Each patient record in
the dataset is characterized by 14 attributes, which include
demographic characteristics, clinical parameters, and di-
agnostic test results (Table 2).

After filtering out records with missing values, 297 com-
plete samples were retained. A stratified train-test split
was applied, allocating 70% for training and 30% for eval-
uation. To ensure consistency, continuous variables were
normalized using Z-score standardization. Categorical
attributes were one-hot encoded to ensure model compat-
ibility. The balanced nature of the dataset (approximately
55% positive cases) facilitates reliable classification per-
formance analysis.

Table 2. Variable information

Feature Description

Age Age (years)

Sex Sex (male/female)

Chest pain type Chest pain type (4 values)

Resting blood pressure Resting blood pressure (in mm Hg)
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Serum cholesterol

Serum cholesterol (in mg/dl)

Fasting blood sugar

Fasting blood sugar > 120 mg/dl

Resting ECG

Resting electrocardiographic results

Max heart rate

Maximum heart rate achieved

Exercise-induced angina

Presence of exercise-induced angina

ST depression

ST depression induced by exercise

ST slope

Slope of the peak exercise ST segment

Major vessels

Number of major vessels colored by fluoroscopy

Thalassemia

Thalassemia (3 categorical values)

Target

Target (0: no disease, 1: presence of heart disease)

3.2 Model Performance

The performance of the logistic regression (LR) and gradi-
ent boosting decision tree (GBDT) models was evaluated
using several standard classification metrics. The GBDT
model outperformed the logistic regression baseline across
all metrics. Table 1 presents the comparative results on the

test dataset.

As shown in the table 3, GBDT significantly improves
upon LR in recall and AUC, indicating superior ability in
identifying true positive cases and overall discrimination
power. This confirms that tree-based models can capture
complex, nonlinear interactions that linear models may
overlook.

Table 3. Model results

Model Accuracy Precision Recall F1-Score AUC
Logistic Regression 83.7% 82.4% 80.0% 81.2% 0.874
GBDT (XGBoost) 89.2% 88.1% 86.7% 87.4% 0.925

3.3 Feature Importance Analysis

To understand which variables most significantly contrib-

ute to prediction, this paper extracted feature importance
scores from the GBDT model. The most influential fea-
tures included (table 4):

Table 4. Feature importance

Medical Indicator

English Expression

Chest pain type

Chest pain type (cp)

Maximum heart rate

Maximum heart rate (thalach)

ST depression

ST depression (oldpeak)

Slope of the ST segment

Slope of the ST segment

Number of major vessels

Number of major vessels (ca)

These features align with known clinical indicators of
heart disease, reinforcing the validity of the model. For
example, the chest pain type is a direct symptom often as-
sociated with myocardial infarction, and oldpeak reflects
ischemic changes under stress.

3.4 Discussion

The findings confirm the effectiveness of ensemble tree-
based models in heart disease prediction and emphasize
the role of specific clinical measurements as key risk in-

dicators. While logistic regression offers interpretability,
its limited modeling capacity hinders its performance on
complex data. The superior results of GBDT highlight the
need for flexible nonlinear models in medical diagnostics.
One limitation of this study is the relatively small sample
size, which may impact generalizability. In future work,
expanding the dataset and incorporating longitudinal pa-
tient records could provide richer insights. Additionally,
integrating SHAP values could further enhance interpret-
ability by quantifying each feature’s contribution to indi-



vidual predictions, aiding clinical transparency.

4. Conclusion

This study explored the key factors contributing to heart
disease and demonstrated the application of machine
learning models to predict the likelihood of heart disease
occurrence. The analysis of the Cleveland Heart Disease
dataset involved comparing logistic regression and gra-
dient boosting decision tree (GBDT) models. The results
show that GBDT significantly outperformed logistic re-
gression in terms of accuracy, precision, recall, F1-score,
and AUC, confirming its capability in modeling complex,
nonlinear relationships in medical data. Key risk factors
such as chest pain type, maximum heart rate achieved,
ST depression, and the number of major vessels colored
by fluoroscopy were found to be highly influential in pre-
dicting heart disease. These findings are consistent with
established medical knowledge and validate the clinical
relevance of the model’s predictions.

Overall, the research confirms that advanced machine
learning models can serve as effective tools in medical
diagnostics. They can assist healthcare professionals in
making timely and accurate decisions by identifying high-
risk individuals. However, interpretability and data quality
remain critical challenges. Future research should focus
on integrating explainable Al techniques, expanding data-
sets, and incorporating real-time patient monitoring data
to further enhance model accuracy and applicability in
clinical practice.

In conclusion, predictive analytics using GBDT models
provides a promising direction for early detection of heart
disease. With further development and validation, such
models could become an integral part of clinical decision
support systems, Reducing the burden on healthcare sys-
tems and improving patient outcomes.
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