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Abstract
Coronary heart disease is a major cardiovascular condition characterized by reduced 
coronary blood flow, often due to atherosclerotic narrowing of the coronary arteries. 
Early and prompt identification of these abnormalities is critical to minimizing 
healthcare costs and improving patient survival rates. Despite impressive progress 
in predictive modeling, many existing machine learning models suffer from 
overfitting, in which they perform well on training or test data but fail to generalize 
to larger and more heterogeneous patient populations. This limitation diminishes 
their clinical validity and applicability in medical diagnosis. To address these issues, 
the proposed study presents an ensemble-based machine learning approach for 
the early prediction of heart disease. The proposed system incorporates several 
supervised learning algorithms to increase predictive accuracy and generalization 
performance. Decision tree, support vector machine, random forest, and classifiers 
trained on principal component analysis-transformed features were compared. The 
framework involves systematic data preprocessing, dimensionality reduction, and 
class imbalance management to ensure methodological robustness and consistency 
of diagnostic outcomes. Experimental results demonstrate that the ensemble-
based approach achieves superior predictive performance while minimizing data 
bias. These findings highlight the potential of machine learning-based diagnostic 
systems to support clinical decision-making, improve healthcare resource allocation, 
and enhance patient outcomes by enabling timely and accurate cardiovascular risk 
identification.
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1. Introduction
Heart failure, coronary artery disease, and cardiac rhythm disorders remain among the 
leading causes of death worldwide. The World Heart Federation estimates that there are 
currently about 20.5 million cardiovascular disease-related deaths every year, and this number 
is expected to increase significantly in the next few decades. Early diagnosis and classification 
of cardiac conditions are thus of utmost importance, as early clinical intervention has been 
shown to significantly impact therapeutic outcomes and mortality rates.1,2
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Timely diagnosis of cardiac anomalies enables 
prevention, reduces the risk of progression, and lowers the 
likelihood of serious complications.3,4 Such proactive steps 
will enable clinicians to customize treatment programs 
for individual patients, deal with modifiable risk factors, 
and finally enhance prognosis. Moreover, early diagnosis 
reduces the economic burden on health care systems, 
and the intervention’s benefits include lowering the long-
term cost of treatment and the social costs associated with 
cardiovascular morbidity and mortality.5,6 Historically, the 
diagnosis of the heart has been largely dependent on the 
skills and clinical judgment of the physician.7,8 Although 
these conventional methods are quite effective in most 
instances, they are subjective, time-consuming, and require 
specialized training. The complexity and heterogeneity of 
cardiovascular pathologies are further compounded by the 
nature of the problem, which can lead to misclassification 
even by professionals.9,10

This study aims to address these challenges by 
developing and comparatively evaluating machine 
learning (ML)-based systems for heart disease prediction 
using the Framingham dataset, informed by a review of 
relevant prior studies.11 Particular attention is given to 
methodological frameworks, data attributes, performance 
functions, and existing constraints in the formation of 
reliable predictive frameworks. The Framingham dataset 
was used as a benchmark dataset for model training and 
evaluation.12,13

The literature is reviewed with respect to supervised 
learning in cardiac diagnostics, including protocols for 
data collection, preprocessing of incomplete records and 
outliers, feature selection, and resolution of class imbalance 
via augmentation and resampling.14 Lastly, cross-validation 
and algorithm selection schemes are used to evaluate the 
performance of models in order to ascertain the strength 
of diagnostics and generalizability.15-17

1.1. Motivation

Early and accurate diagnosis of heart disease remains a 
major global healthcare challenge because cardiovascular 
disorders are the major cause of morbidity and mortality. 
Cardiac symptoms are highly heterogeneous and difficult 
to interpret, underscoring the need for sophisticated 
computational assistance in clinical decisions. ML systems 
that leverage many clinical predictors provide fast, 
practical diagnostic information. This paper comprises 
six sections: introduction, literature review, dataset 
description, methodology pipeline, experimental analysis, 
and conclusion. It presents a leakage-free, structured 
framework for benchmarking the Framingham dataset, 

with greater emphasis on reproducibility, methodological 
rigor, and disciplined evaluation, rather than on presenting 
a new algorithm.

2. Literature survey
A hybrid diagnostic model was suggested, as the method 
focuses on feature selection to optimize classification 
performance. Rajendran et al.18 proposed an entropy-
based feature engineering pipeline with a dual-classifier 
ensemble comprising logistic regression and naive 
Bayes. Ahsan et al.19 addressed the issue of imbalanced 
datasets. Their analysis demonstrated the significance of 
identifying methodological trends, technological gaps, 
and the potential for current research in ML-based cardiac 
disease classification. Behera et al.20 employed several 
ML classifiers to identify individuals in high-risk groups 
using clinical variables such as blood pressure, diabetes 
status, lipid levels, body mass index, tobacco use, and 
family history. Ghasemieh et al.21 developed an extreme 
gradient boosting-based model to forecast emergency 
hospital readmission in cardiac patients. The model 
utilized behavioral characteristics and a large confidential 
dataset obtained from the Massachusetts Institute of 
Technology Laboratory of Computational Physiology, 
and contributed a novel classification architecture 
adapted for acute readmission cases.19 Emmons-Bell 
et al.22 recommended a convolutional neural network 
(ConvNet) model trained on phonocardiogram signals 
using the hybrid constant-Q transform (HCQT). The 
model employed mel-frequency cepstral coefficients and a 
five-layer regularized ConvNet to extract acoustic features 
through the constant-Q transform, variable-Q transform, 
and HCQT. Their work was reported as the first to apply 
HCQT to phonocardiogram signal classification. The study 
evaluates metrics and statistical tests for ML, highlighting 
the importance of proper evaluation methods. It explains 
that relying only on accuracy can be misleading, especially 
for imbalanced datasets. Various performance metrics, 
including precision, recall, F1-score, and receiver operating 
characteristic–area under the curve (ROC–AUC), have 
been discussed, highlighting their specific roles in model 
assessment. The paper emphasizes that the choice of metric 
should depend on the application and error impact. It also 
explores statistical tests for comparing models and warns 
against their misuse, which may lead to false conclusions. 
The study recommends using cross-validation techniques 
to improve reliability. Additionally, it suggests reporting 
confidence intervals to improve the interpretation of 
results. Combining appropriate metrics with proper 
statistical validation yields more robust, trustworthy ML 
outcomes.23
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3. Proposed model
The Framingham Heart Study dataset was used to develop 
and evaluate the models. The first step is an in-depth 
data collection, including patient demographics, clinical 
signs, and diagnostic test results. After collection, the 
dataset undergoes preprocessing protocols that include 
data cleansing and normalization, as well as gap filling to 
make the data consistent and reliable. Figure 1 shows the 
entire ML life cycle used in this investigation, including 
data ingestion, preprocessing, model construction, and 
evaluation. 

  
Figure 1. Workflow architecture for predictive model development

3.1. Dataset description

The Framingham dataset is a commonly used resource 
for assessing long-term cardiovascular risk. It consists of 
4,240 patient records across 16 demographic, lifestyle, and 
clinical variables, including systolic and diastolic blood 
pressure. The target attribute, 10-year coronary heart 
disease, is binary and indicates whether a coronary event 
occurred within the subsequent 10 years. Since the dataset 
contains missing values and class imbalance, preprocessing 
steps such as imputation and oversampling are needed to 
preserve data integrity and ensure reliable model training. 

The following features render the dataset appropriate for 
testing forecasting ML methods.

4. Methodology
This section presents the conceptualization of the protocol 
undertaken in the evaluation process. One predictive 
model is a fully automated classifier used to identify 
individuals with a high likelihood of developing coronary 
heart disease. Class imbalance was addressed using 
random oversampling. Although the synthetic minority 
over-sampling technique was also a possible approach, 
it was not used to avoid introducing artificial bias into 
clinical variables. This option maintains the balanced 
dataset’s interpretability and clinical plausibility. The 
dimensionality reduction method employed was principal 
component analysis (PCA), which was used solely to 
improve computational efficiency. PCA was not applied 
as a classifier but as a preprocessing step before model 
training.

4.1. Data collection

The input to the model is the Framingham Heart Study 
data, which will be used to develop the models. It consists 
of 4,240 individual records, 15 predictive attributes, and 
a binary target variable. The information encompasses 
a wide range of clinical and demographic attributes of 
cardiovascular risk assessment. However, there exist gaps 
in the data and non-contributory variables in the raw 
data that should be preprocessed with care prior to model 
training.

4.2. Data preprocessing

Preprocessing is a critical step that transforms raw clinical 
data into a standardized format suitable for ML applications. 
The phase involves data cleaning, standardization, and 
missing-value imputation to address the inconsistencies, 
noise, and missing data. Feature selection is performed to 
obtain informative predictors, and random oversampling 
is conducted.

The correlation heatmap in Figure 2 provides a visual 
representation of the strength and directional linear 
relationships between pairs of features, with color intensity 
indicating the correlation coefficient. Exploratory analysis 
was also used to identify potential outliers that could 
adversely affect model performance.

While PCA significantly reduces dimensionality and 
improves computational efficiency, it may obscure the 
direct clinical interpretation of statistics based on the 
original variables (such as systolic blood pressure, diabetes 
status, or smoking habits) of the data. This trade-off between 
efficiency and interpretability is particularly critical in 
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clinical settings. To address this limitation, interpretability 
algorithms such as SHapley Additive exPlanations (SHAP) 
can be used to quantify each feature’s contribution to the 
model’s outputs. SHAP is comparatively less complex and 
preserves clinically relevant insights that are important to 
clinicians.24-26

4.3. Model training

In machine learning, structured, preprocessed data are fed 
into algorithms, which, in turn, identify patterns to learn 
predictive relationships. The training data consist of a 
number of input features and corresponding output labels, 
allowing the model to learn associations and decision 
boundaries. This supervised learning paradigm is used to 
develop accurate classifiers for predicting unseen data. 

4.4. Model construction

A number of supervised learning procedures are used to 
create predictive models for cardiac disease in this study. 

4.4.1. Decision tree classifier

The decision tree classifier operates by recursively splitting 
the data based on conditional rules, and is represented as 
a tree structure in which internal nodes represent decision 

criteria, and leaf nodes represent class labels. 

The most commonly used variants are classification and 
regression trees and C4.5, which have been widely applied 
in medical diagnostics. These models are favored because 
they present classification outcomes in terminal nodes, 
while intermediate branches represent attributes that 
influence classification. Using the decision tree algorithm 
on the Framingham dataset, the model identifies optimal 
split points, with leaf nodes assigned predictive labels 
based on learned patterns.

As illustrated in Figure 3, the decision tree derived 
from the Framingham data outlines the decision-making 
pathway for classifying individuals based on characteristics 
such as smoking habits, diabetes, and systolic blood 
pressure.

For all classifiers, hyperparameters were explicitly tuned 
to ensure methodological transparency. The decision tree 
was implemented using the classification and regression 
trees algorithm with a maximum depth of 10 and Gini 
impurity as the splitting criterion. The random forest 
classifier was constructed with 500 trees, each trained on 
bootstrapped samples, and a maximum feature selection 
of √n. The support vector machine (SVM) employed 

Figure 2. Variable interdependence map for Framingham clinical features
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a radial basis function kernel with C = 1.0 and γ = 0.01. 
For dimensionality reduction, PCA retained components 
explaining 95% of the variance. Model evaluation was 
performed using a stratified 10fold crossvalidation scheme 
with an 80:20 train–test split to ensure generalizability and 
minimize overfitting.

4.4.2. Support vector machines 

The SVM is a supervised learning algorithm used for both 
binary and multi-class classification. When applied to 
heart disease prediction, SVM maps patient information 
into a higher-dimensional feature space, where an optimal 
separating hyperplane is constructed to distinguish between 
patients at risk of developing coronary disease and healthy 
patients. SVMs can handle both linearly and non-linearly 
separable data by using kernel functions (polynomial, 
radial basis function, and sigmoid kernels). The algorithm 
optimizes the distance between support vectors, enabling 
better generalization, minimizing classification error 
in the decision, and improving diagnostic reliability for 
heterogeneous clinical data.

4.4.3. Random forest

Random Forest is a robust ensemble classification algorithm 
that constructs a sequence of choice trees to provide 
powerful and accurate estimations. Each tree is trained on a 
random subset of the data and features, thereby enhancing 
diversity and reducing overfitting. For classification tasks, 
the final output is determined by majority voting across all 
trees, whereas in regression tasks, the average of the outputs 
is used. It is an effective and stable stochastic approach, 
particularly suitable for complex, high-dimensional data. 
Random forests remove the biases of individual models 
by combining the results of thousands of weak learners to 
produce a more accurate model that is highly applicable 
in medical diagnosis, including heart disease prediction. 
The ensemble technique (random forest) is illustrated in 
Figure 4. 

5. Performance evaluation and diagnostic 
validation
The model testing process is a critical component of the 
machine learning pipeline and is used to measure the 
predictive strength and generalization ability of a trained 
classifier on unseen data. This evaluation ensures the 

Figure 3. Structural Layout of the decision tree classifier
Abbreviation: CHD: Coronary heart disease.

https://doi.org/10.36922/BH025440069


Brain & HeartBrain & Heart An ML framework for heart disease prediction

Volume 4 Issue 3 (2026)	 6� doi: 10.36922/BH025440069

reliability of the model when applied in real-world clinical 
settings, as it reflects diagnostic performance across a 
broad spectrum of patient profiles.

5.1. Model evaluation

It is necessary to evaluate the performance of the heart 
disease prediction model to determine its applicability 
in clinical practice and the reliability of its diagnostic 
output. Figure 5 provides a graphical representation of 
true positives, true negatives, false positives, and false 
negatives, which constitutes the confusion matrix of the 
selected classifier.

5.2. Performance appraisal and metrics

Effective and clinically viable ML models for cardiac 
diagnostics require rigorous performance evaluation. 
This enables comparison among different algorithms and 
supports informed selection of models for implementation 
in healthcare systems. Standard evaluation metrics are 
used to assess the efficiency of the classification.

Table 1 indicates that the model performed well across 
all relevant metrics, with precision indicating that 84% 
of predicted positives were correct, and recall indicating 
that 84% of actual positives were correctly captured. The 
F1-score balances these two measures at 0.84. The weighted 
average accounts for differences in class sizes, whereas the 

macro average treats all classes equally. Both values being 
similar suggests that the model performs consistently 
across classes, indicating balanced predictive performance.

Table 1. Performance metrics for a decision tree classifier

Metric type Precision Recall F1-score Support

Weighted average 0.84 0.84 0.84 1,531

Macro average 0.84 0.84 0.84 1,531

Accuracy − − 0.84 1,531

Table 2 shows that the random forest classifier achieved 
97% performance across all evaluation metrics, with 
precision indicating that 97% of predicted positives were 
accurate, and recall indicating that 97% of actual positives 
were accurately identified. The F1-score balances these 
two measures at 0.97. The weighted average accounts for 
class size differences, whereas the macro average treats all 
classes equally. The similarity of these values, along with 
the high accuracy, indicates consistent model performance 
across classes.

Figure 4. Ensemble tree structure of the random forest classifier
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Table 2. Performance metrics for a random forest classifier

Metric type Precision Recall F1-score Support

Weighted average 0.97 0.97 0.97 1,531

Macro average 0.97 0.97 0.97 1,531

Accuracy − − 0.97 1,531

Table 3 shows that the PCA-based classifier achieved 
an overall accuracy of 80%. Precision indicates that 80% 
of predicted positives were correct, while recall indicates 
that 80% of actual positives were correctly identified. The 
F1-score of 0.79 balances these two measures. The weighted 
average reflects the class distribution, and the macro 
average treats all classes equally. The similarity between 
these metrics suggests relatively balanced performance 
across classes, although lower than that of the other models.

Table 4 suggests that the SVM classifier achieved the 
highest performance of 68% across all evaluation metrics, 
with precision indicating that 68% of predicted positives 
were accurately classified, and the recall indicating that 
68% of actual positives were correctly identified. The 

F1-score, balancing the two measures at 0.68, and the 
weighted average similarly reflect class distribution, while 
the macro average treats all classes equally.

Table 3. Performance metrics for principal component 
analysis-preprocessed classifier

Metric type Precision Recall F1-score Support

Weighted average 0.8 0.8 0.79 1,531

Macro average 0.8 0.8 0.79 1,531

Accuracy − − 0.8 1,531

Table 4. Performance metrics for support vector machine 

Metric type Precision Recall F1-score Support

Weighted average 0.68 0.68 0.68 1,531

Macro average 0.68 0.68 0.68 1,531

Accuracy − − 0.68 1,531

Figure 5. Comparative confusion matrices of classification models. (A) Random Forest. (B) Decision tree. (C) Principal component analysis (PCA). (D) 
Gradient boosting. 
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The best performance and highest accuracy among all 
the classifiers discussed was achieved by the random forest 
classifier. The accuracy and recall rates of all algorithms are 
shown in Figure 6, and it should also be noted that there is 
a trade-off among models, which is an important factor in 
model selection.

5.2.1. Model selection
Model selection should be carried out systematically 
using cross-validation, hyperparameter optimization, 
and ensemble methods. K-fold cross-validation is 
applied to reduce overfitting and provide evidence of 
model generalizability across different subsets of the 
data. In addition, comparisons with baseline models and 
assessments of computational efficiency are required to 

select the most appropriate classifier.

To ensure fairness and reliability in the evaluation 
process, it is critical to include preprocessing steps such 
as missing-value imputation, class balancing, and bias 
mitigation. A large and representative dataset is also 
necessary to reduce bias in performance estimation and 
improve model robustness.

Finally, the performance of machine learning models 
for heart disease detection should be carefully evaluated 
using metrics such as accuracy, sensitivity, specificity, 
precision, recall, F1-score, and AUC–ROC (Figure 7 
provides a graphical representation of the capability of ML 
models to predict heart disease).

Figure 6. Comparative precision–recall profiles of classification algorithms
Abbreviations: PCA: Principal component analysis; SVM: Support vector machine.

Figure 7. Benchmarking machine learning classifiers for heart disease prediction
Abbreviations: PCA: Principal component analysis; SVM: Support vector machine.
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In addition to accuracy metrics, clinical interpretability 
was considered to ensure practical usefulness. SHAP 
analysis identified the most significant predictors, 
including systolic blood pressure, diabetes, and smoking 
habits; thus, the computational results were consistent 
with known cardiovascular risk factors. This level of 
interpretability helps bridge the knowledge gap between 
statistical performance and clinical decision-making, 
enabling clinicians to better understand why a specific 
prediction was made.

6. Conclusion
This paper provides a comprehensive discussion of ML 
tools used for the early identification and prediction of heart 
disease. The results highlight a conceptual shift toward 
data-driven models in improving diagnostic accuracy, 
optimizing clinical workflows, and enabling personalized 
treatment approaches. The comparative performance of 
various classifiers has been systematically evaluated using 
rigorous assessment metrics.

Combining cross-validation procedures with model 
selection strategies strengthens the predictive models and 
enhances their ability to generalize across different patient 
populations. The proposed learning system has been shown 
to outperform several existing heart disease detection 
methods and many commonly used ML algorithms. It is 
worth noting that the dimensionality reduction improves 
training efficiency and computational performance 
without degrading classification accuracy.

The experimental results confirm that the optimized 
system can serve as a reliable clinical decision-support tool, 
assisting in the timely identification of cardiac risk and 
improving patient prognosis. The study provides a valuable 
resource for practitioners, researchers, and healthcare 
policymakers aiming to apply ML in cardiovascular 
diagnostics. Further development and implementation 
of such intelligent systems have the potential to reduce 
mortality rates, improve clinical accuracy, and enhance the 
overall effectiveness of healthcare provision. The proposed 
evaluation pipeline shows competitive performance 
across a range of classifiers; however, it is not significantly 
superior to external benchmarks when evaluated beyond 
the Framingham dataset.

A key limitation of this study is its reliance on a single 
dataset, namely the Framingham dataset. External datasets, 
such as the Cleveland Heart Disease dataset or Medical 
Information Mart for Intensive Care III, should be used for 
independent validation to ensure generalizability across 
populations. Future work should focus on multi-dataset 
validation and on integrating explainability frameworks 
to improve clinical interpretability and acceptance. This 

work is novel in that it is leakage-free, carefully controls 
class imbalance without artificial enhancement, and 
systematically compares both ensemble and baseline 
classifiers within a reproducible and clinically relevant 
diagnostic framework.
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