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| ABSTRACT

Heart disease remains a leading cause of mortality worldwide, necessitating reliable and efficient predictive models for early
diagnosis and clinical decision support. This study presents a comprehensive machine learning framework for heart disease
prediction using a structured clinical dataset comprising 920 patient records with diverse demographic, physiological, and
diagnostic attributes. The dataset includes both numerical and categorical features, requiring careful preprocessing and
encoding to ensure compatibility across different model architectures.A range of classification algorithms is systematically
evaluated, including Logistic Regression, K-Nearest Neighbors, Decision Tree, Random Forest, Support Vector Machine, Extreme
Gradient Boosting, and Light Gradient Boosting Machine. Model performance is assessed using multiple evaluation metrics,
including accuracy, precision, recall, F1-score, and receiver operating characteristic area under the curve, along with five-fold
cross-validation to examine stability and generalization behavior.The experimental results demonstrate consistently high
predictive performance across most models, with several approaches achieving near-perfect classification metrics and minimal
variation across cross-validation folds. In contrast, K-Nearest Neighbors exhibits slightly lower performance, highlighting
differences in sensitivity to local data structure. Analysis of feature distributions and pairwise relationships indicates strong
separability between classes, particularly driven by clinically relevant variables such as chest pain type, exercise-induced angina,
ST depression, and maximum heart rate.Further evaluation using confusion matrices, receiver operating characteristic curves, and
precision—recall curves confirms the robustness of the predictive models and their ability to distinguish between diseased and
non-diseased cases with high reliability. Despite the strong performance, the study acknowledges potential dataset-specific
characteristics that may influence model behavior and emphasizes the importance of external validation for clinical deployment.
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1. Introduction

Heart disease remains one of the leading causes of mortality worldwide, accounting for a substantial proportion of global deaths
each year. Early identification of individuals at risk is critical for timely intervention, improved clinical outcomes, and reduced
healthcare burden[1,2]. However, accurate diagnosis often requires the integration of multiple clinical, physiological, and
diagnostic factors, making the decision-making process complex and potentially prone to human error, especially in high-
volume healthcare environments.In recent years, machine learning techniques have emerged as powerful tools for supporting
medical diagnosis by identifying hidden patterns within clinical data [3,4]. These approaches enable the analysis of
heterogeneous datasets containing demographic attributes, laboratory measurements, and diagnostic indicators, facilitating
data-driven prediction of disease presence[5,6]. Compared to traditional statistical methods, machine learning models can
capture non-linear relationships and interactions among variables, offering improved flexibility and predictive capability in
complex biomedical contexts [7,8].Heart disease prediction has been widely studied using structured datasets that include
features such as age, blood pressure, cholesterol levels, chest pain type, electrocardiographic results, and exercise-induced
indicators [9,10]. While earlier studies have demonstrated the potential of individual models, such as logistic regression and
decision trees, more recent work has explored ensemble and boosting methods to enhance predictive performance [11,12].
Nevertheless, challenges remain in ensuring model stability, generalization, and interpretability, particularly when dealing with
mixed data types and varying feature distributions [13,14].This study presents a comprehensive evaluation of multiple machine
learning models for heart disease prediction using a structured clinical dataset consisting of 920 patient records [15,16]. The
dataset includes a combination of numerical and categorical features that reflect real-world clinical scenarios[17]. A systematic
preprocessing pipeline is employed to handle feature encoding and ensure compatibility across models. Several widely used
classification algorithms are investigated, including Logistic Regression, K-Nearest Neighbors, Decision Tree, Random Forest,
Support Vector Machine, Extreme Gradient Boosting, and Light Gradient Boosting Machine [18].The primary objective of this
study is to examine the predictive capability, stability, and comparative performance of these models using a consistent
evaluation framework. Model performance is assessed through multiple metrics, including accuracy, precision, recall, F1-score,
and receiver operating characteristic analysis, alongside five-fold cross-validation to evaluate robustness across different data
partitions. In addition, exploratory data analysis is conducted to understand feature distributions and their relationship with
disease outcomes [19].The results indicate that several models achieve consistently high predictive performance, with minimal
variation across validation folds, suggesting strong separability within the feature space. At the same time, differences observed
among models provide insight into their sensitivity to data structure and local patterns [20]. While the findings highlight the
potential of machine learning for heart disease prediction, careful consideration of dataset characteristics and validation
strategies remains essential for reliable clinical application.

2. Methodology

2.1 Dataset Description

The structured clinical data used in this research includes 920 patient records and 16 attributes, created to predict the presence
of heart disease. Records reflect one patient and contain a mix of demographic, physiological, and diagnostic characteristics that
are usually common in the evaluation of cardiovascular problems.The dataset includes both numerical (age, resting blood
pressure, cholesterol level, maximum heart rate, and ST depression) and categorical (sex, chest pain type, electrocardiographic
results, exercise-induced angina, slope of ST segment, number of major vessels, and the presence of thalassemia) features. The
target variable is the existence of heart disease, with the patients being classified to binary classes of disease and no
disease.Before formulating the model, dataset is designed in a manner that it mirrors real world clinical setting with mixed types
of data and uneven distributions of features. This variety allows analyzing machine learning models in a realistic setting where
both numerical and categorical variables can be involved in prediction.

2.2 Class Distribution Analysis
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The overall distribution of the target variable is illustrated in Figure 1. The dataset contains 509 patients diagnosed with heart
disease (55.3%) and 411 patients without heart disease (44.7%).This distribution indicates a moderate class imbalance, with a
slightly higher proportion of diseased cases. Although the imbalance is not severe, it remains important to evaluate model

performance using metrics beyond accuracy, such as precision, recall, and F1-score, to ensure balanced predictive capability
across both classes.
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Figure 1. Distribution of chest pain types and corresponding heart disease prevalence

2.3 Gender-Based Analysis

The distribution of patients by gender and the corresponding disease prevalence are presented in Figure 2. The dataset is
predominantly composed of female patients (726 samples) compared to male patients (194 samples).However, the disease
prevalence differs significantly between genders. As shown in Figure 2, 63.2% of male patients are diagnosed with heart disease,
whereas only 25.8% of female patients exhibit the condition. This disparity highlights a gender-specific risk pattern, where male
patients demonstrate a higher likelihood of heart disease despite being underrepresented in the dataset.This imbalance in
gender distribution and disease prevalence is an important consideration during model evaluation, as it may influence model
learning and predictive behavior.
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Figure 2. Gender distribution and heart disease prevalence by gender

2.4 Chest Pain Type Analysis

The distribution of chest pain types and their relationship with heart disease is illustrated in Figure 3. Four categories of chest
pain are observed: asymptomatic, atypical angina, non-anginal pain, and typical angina.As shown in Figure 3, the asymptomatic
category is the most frequent, with 496 instances, followed by non-anginal pain (204), atypical angina (174), and typical angina
(46). Importantly, the rate of heart disease varies substantially across these categories.Patients with asymptomatic chest pain
exhibit the highest disease prevalence (79.0%), indicating a strong association with heart disease. In contrast, atypical angina
shows a significantly lower disease rate (13.8%), while non-anginal pain and typical angina demonstrate moderate disease
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prevalence of 35.8% and 43.5%, respectively.These findings suggest that chest pain type is a highly informative clinical feature,
contributing significantly to the separability of classes and enhancing the predictive capability of machine learning models.
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Figure 3. Overall distribution of heart disease cases in the dataset

2.5 Data Preprocessing

A hierarchical preprocessing pipeline is used to guarantee the interoperability of various machine learning algorithms. The
dataset has both mixed data, and proper transformation is needed before model training.Encoding techniques are used to
convert categorical variables, such as the type of chest pain, electrocardiographic findings, slope, and thalassemia status into
numerical scores. Binary characteristics like sex, fasting blood sugar and exercise-induced angina are coded into numerical
values. Depending on the model, numerical features are stored in their original scale or normalized as needed.Also, non-
informative attributes like unique identifiers are not included in the modeling process, to avoid unintended bias. This data is then
trained and evaluated with the same set of features throughout all models.

2.6 Model Development and Evaluation Strategy

A comprehensive set of machine learning models is employed to evaluate predictive performance, including Logistic Regression,
K-Nearest Neighbors, Decision Tree, Random Forest, Support Vector Machine, Extreme Gradient Boosting, and Light Gradient
Boosting Machine.Model performance is assessed using multiple evaluation metrics, including accuracy, precision, recall, F1-
score, and receiver operating characteristic area under the curve. To further examine model stability and robustness, five-fold
cross-validation is applied, ensuring that performance is evaluated across multiple data partitions.

2.7 Analysis of Categorical Features

Figure 4 shows the relationship between categorical variables of clinical variables and heart disease by providing the class-wise
distributions of various features such as sex, chest pain type, fasting blood sugar, resting electrocardiographic outcomes,
exercise-induced angina, slope of ST segment, number of major vessels, and thalassemia status.Figure 4 indicates that a number
of categorical characteristics have high levels of discriminating patterns between diseased and non-diseased patients.
Specifically, the prevalence of cases of heart disease is higher among male patients than it is among female patients, which
supports the gender-specific risk difference identified above. As a type of chest pain, the asymptomatic type is closely linked to
the presence of the disease whereas the atypical angina is more common in non-disease persons.The separation in exercise-
induced angina (exang) also appears to be clear with those who are positively-conditioned being mostly related to heart disease
and those who are not being more inclined to be disease-free. On the same note, the slope of the ST segment indicates that the
flat slope group is greatly prevalent in diseased patients, whereas upsloping is more prevalent in non-diseased.The number of
major vessels (ca) is shown to have progressive relationship with high values indicating high disease prevalence. Also, the
thalassemia status can serve as a source of much discriminatory information, and reversible defects have strong links to heart
disease and normal conditions in cases without disease.Conversely, fasting blood sugar (fbs) demonstrates a comparatively low
segregation between the two classes and thus weak predictive value, in comparison to other features.
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Categorical Features by Heart Disease
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Figure 4. Relationship between categorical clinical features and heart disease status

2.8 Analysis of Numerical Feature Relationships

Figure 5, which contains age, maximum heart rate (thalach), ST depression (oldpeak) and cholesterol level (chol), illustrates the
pairwise relationships between important numerical features. The figure is a synthesis of univariate distributions and bivariate
scatter plots that allow a thorough evaluation of feature interactions, and class separability.Age has a significant change towards
the higher value in patients with heart disease as represented in Figure 5, which means that age is a risk factor. A stronger trend
can be found with the maximum heart rate (thalach) in which the non-diseased patients will have higher values and the diseased
patients will be found in low values indicating an inverse correlation with presence of diseases.ST depression (oldpeak) has a
high level of discriminative ability and diseased patients tend to have higher values whereas the non-disease cases are
concentrated around zero. This characteristic gives a distinct distinction between classes and is in line with its clinical applicability
in cardiovascular evaluation.Conversely, the cholesterol levels (chol) display great similarity in the two classes where no definite
boundary is found in the disease and non-diseased patients. The occurrence of outliers in the values of cholesterol also implies
that this feature is not predictive in itself, and its predictive power is diminished.The bivariate plots also show interplay between
features especially the negative correlation between age and maximum heart rate and the combined effects of thalach and
oldpeak to differentiate the cases of disease. These relations imply that the data has non-linear trends, which are both well
represented using a linear and non-linear machine learning model.
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Figure 5. Pairwise relationships and distributions of key numerical features for heart disease prediction

3. Results and Discussion

Figure 6 is the performance of the assessed machine learning models and it includes the comparison of accuracy, precision,
recall, F1-score, and ROC-AUC of all the classifiers. The findings show that the performance of Logistic Regression, Decision Tree,
Random Forest, Support Vector machine, XGBoost and LightGBM has a consistent high performance in all evaluation metrics
with values up to 1.0000 when it comes to accuracy, F1-score and ROC-AUC. This consistency implies that the latent space of
features can be separated in an easy way between patients with and without heart disease. Conversely, K-Nearest Neighbors
model shows a little worse performance with an accuracy of 0.9348, F1-score of 0.9434, and ROC-AUC of 0.9892. This disparity
can be explained by the fact that instance-based learning is problem sensitive to the local neighborhood structure and hence,
prediction.The models are also analyzed in terms of the stability of the models and this is done by using five fold cross validation
which will give us an idea of how the models will generalize in various subsets of the data. The majority of the models have a
score of cross-validation of 1.0000 with very low variance, meaning that their performance is very consistent irrespective of data
partitioning. Support Vector Machine has a lower mean cross-validation of 0.9973 with very little variation whereas the K-Nearest
Neighbors has the mean of 0.9470 with a standard deviation of 0.0179. The increased variability of KNN is because it is sensitive
to local data density and sensitive to cross-fold variations. Conversely, the close-to-zero variance of the other models indicates
that the decision boundaries learned are stable and they consistently reflect the underlying patterns in the data.Figure 6 shows
the receiver operating characteristic curves that further demonstrates the discriminative capability of the models. Most of the
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models have a curve that is very close to the top-left corner of the plot, which means that the true positive rate is high and the
false positive rate is low. In line with this, the area under the curve of these models is 1.000 indicating a good classification
performance. The curve of the K-Nearest Neighbors model is slightly lower with AUC of 0.989, which means that it has a minor
decrease in the discriminative capability. However, this value still denotes good predictive performance. The ROC analysis
validates that most of the models are very effective in separating diseased and non-diseased cases and that the overlap among
the predicted probabilities is minimal.Further detail can be gained with the precision recall curves in Figure 6, especially when
there is an imbalance in the classes. The curves show that the majority of the models have precision values that are close to 1.0
throughout the entire recall range, meaning that the high sensitivity is attained without causing significant growth in false
positive prediction. It is observed that the K-Nearest Neighbors model experiences a minor loss in accuracy at higher levels of
recall indicating that it generates a few cases of misclassifications in its effort to get as many positive cases as possible.
Nevertheless, its overall performance is competitive. The precisionrecall analysis shows that the majority of the models are
capable of reaching a high balance between precision and recall which is crucial in clinical practice where false alarms and
missed diagnoses have serious implications.
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Figure 6. Comparative evaluation of classification performance including ROC curves, precision—-recall curves, and F1-scores
across machine learning models

These observations are further supported by the comparison of F1-scores of models as indicated in Figure 6. All models except
K-Nearest Neighbors have an F1-score of 1.000 which means an optimal precision and recall balance. KNN model has a record
F1-score of 0.9434, which is in line with its slightly low performance in other evaluation metrics. The fact that the F1-scores of
most models are consistent indicates that the classifiers can achieve high sensitivity and high specificity at the same time, and
the fact that the dataset may have clear boundaries to the classes.The confusion matrices in Figure 7 give a close analysis of the
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results of classification of every model. All of the Logistic Regression, Decision Tree, Random Forest, Support Vector Machine,
XGBoost and LightGBM are perfect classifiers, as they perform all the right classifications, including all the examples of both
types. In particular, these models have a true negative of 82 and a true positive of 102 with zero false positives and zero false
negatives. By contrast, K-Nearest Neighbors model results in low misclassification rates, namely, 10 false positives and 2 false
negatives, and accurately classifies 72 false negatives and 100 false positives. These findings validate the fact that KNN is a little
bit less effective in capturing the global structure of data, but it is overall good.

Confusion Matrices for All Models
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Figure 7. Confusion matrices illustrating classification outcomes for each model

The patterns of the performance observed can be attributed to the nature of the dataset and associations across features. As
shown in the preceding exploratory analysis, a number of variables are strongly correlated with heart disease such as type of
chest pain, exercise angina, ST depression, maximum heart rate, number of major vessels and thalassemia status. The
characteristics help in an easy division of classes, allowing various models to study positive decision limits. Moreover, the
similarity of findings among the various model families, such as linear, tree-based, and boosting models, demonstrates that the
predictive trends in the data set are strong and not contingent on a particular model.Although the results are of strong
predictive performance, one should take them in the context of the characteristics of the dataset. The large consistency between
models and folds indicates that the dataset has clear patterns that can be used to classify it. Such performance can also be
affected, however, by the particular distribution of features and class relations (in the dataset). So, despite the high performance
of the models in this environment, they would need additional assessment on independent data to ensure that they can be used
in the actual clinical conditions.

4. Limitations and Future Work

Although the predictive performance has been found to be high in various machine learning models, a number of limitations
must be realized to balance and make realistic interpretation of the results. Firstly, the dataset of this study is not large (920
samples), which can limit the number of clinical patterns represented in the training. Despite the stable performance as seen with
cross-validation results, the dataset may not be representative of the variability that exists in large populations, such as variations
in demographics, comorbidities, and clinical environments.The other significant constraint is associated with the allocation of
features in the dataset. Some of the variables like the type of chest pain, the presence of angina as a result of exercise and
thalassemia status have strong associations with the target variable and this could be one of the reasons of the high level of
class separability. Although this improves predictive performance, it increases the risk that the models are memorizing patterns
that are very specific to this data set. Therefore, it is unclear how these models can be generalized to external datasets or real-
world clinical settings unless they are further validated.Another weakness is the gender imbalance. The proportion of female
patients is much greater than that of male patients in the dataset, whereas the rate of heart disease is much higher in males. This
inconsistency can bring bias into the learning of the model and this may compromise the predictability of other demographic
groups. Further research should take into account more balanced samples or use methods to reduce demographic bias.
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Moreover, the existing research is only on structured tabular data and does not address other clinically relevant modalities,
including imaging data, longitudinal patient records, or genetic data. It may be beneficial to consider the incorporation of
multimodal data sources into a more detailed picture of patient health and may enhance predictive accuracy in less predictive
clinical cases.Methodologically, the models are assessed with internal validation measures, such as five-fold cross-validation,
though external validation on independent datasets is not done. This restricts the capability to determine the practicability and
strength in various healthcare systems. Future research needs to incorporate external benchmarking to assess the model
performance in different conditions.Moreover, interpretability of the models is not clearly discussed in this research. Although
some of the features portray high predictive influence, the models themselves are used as a predictive tool without explaining
individual predictions. To improve transparency, and enable clinical adoption, it would be desirable to incorporate explainable
artificial intelligence methods, including feature importance analysis or model-agnostic interpretability techniques.The effects of
advanced preprocessing strategies, feature selection methods and regularization techniques should also be studied in future
work to further test the robustness of the models. Also, it might be valuable to test the models on alternative train-test splits and
introduce noise or perturbation in the data, to better understand their stability.

5. Conclusion

This paper provides a critical appraisal of several machine learning algorithms in predicting heart disease with structured clinical
data. Using a dataset of demographic, physiological, and diagnostic attributes, the proposed framework systematically explores
the performance of a wide range of classification algorithms, such as linear, instance-based, tree-based and boosting.The results
of the experiment show that a number of models can show high predictive performance when measured by a variety of
evaluation measures, such as accuracy, precision, recall, F1-score, and ROC-AUC. The similarity of the findings in all model and
validation folds indicates that the dataset has a strong separability between diseased and non-diseased cases. Conversely, the
fact that the K-Nearest Neighbors model performance is somewhat lower reflects the effect of local data structure on instance-
based methods of learning.The capability of the models in differentiating between high-reliability classes is validated by further
analysis using ROC curves, precision-recall curves, and confusion matrices. Exploratory data analysis, which indicates that
clinically relevant variables, including the type of chest pain, exercise-induced angina, ST depression, maximum heart rate,
number of major vessels, and thalassemia status are important in predictive performance, support these findings.Irrespective of
the good performance, one should remember that the model performance can be affected by the properties of the dataset, such
as the distribution of features and their interrelations with classes. Consequently, although the models have shown a promising
potential here, additional testing on independent data is required to estimate their applicability in practical clinical settings.
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