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Abstract: Cardiovascular diseases remain one of the leading causes of mortality worldwide, making
early detection and risk prediction essential for effective clinical intervention and preventive healthcare.
In recent years, machine learning techniques have demonstrated significant potential in assisting
clinicians by analyzing complex medical datasets and identifying hidden patterns associated with
cardiovascular conditions. However, many existing prediction models suffer from limitations such as
insufficient feature representation, lack of robustness, and limited interpretability, which restrict their
practical adoption in clinical environments. To address these challenges, this study proposes a
Transformer-Enhanced Ensemble Learning framework for interpretable cardiovascular disease
prediction. The proposed approach integrates transformer-based feature representation with ensemble
machine learning models to improve prediction accuracy and model reliability. The transformer encoder
captures complex relationships among clinical attributes using attention mechanisms, while the
ensemble classification strategy aggregates predictions from multiple classifiers to enhance
generalization performance. Furthermore, explainable artificial intelligence techniques are incorporated
to provide transparency and interpretability by identifying the most influential clinical risk factors
affecting prediction outcomes. Experimental evaluation conducted on benchmark cardiovascular disease
datasets demonstrates that the proposed framework achieves superior performance compared with
conventional machine learning models in terms of accuracy, precision, recall, F1-score, and area under
the ROC curve. The interpretability analysis further reveals clinically relevant features that contribute
significantly to cardiovascular risk prediction. The results indicate that the integration of transformer
architectures, ensemble learning, and explainable Al provides a reliable and transparent framework for
cardiovascular disease prediction and can support clinicians in early diagnosis and decision-making
processes.

Index Terms - cardiovascular disease prediction; Transformer models; Ensemble learning; Explainable
artificial intelligence; Machine learning; Clinical decision support systems; Healthcare analytics.

1.INTRODUCTION

Cardiovascular diseases represent a major global health concern, accounting for a significant
proportion of mortality and healthcare expenditure. Early diagnosis of heart disease is crucial for reducing
complications and improving patient outcomes. With the increasing availability of clinical datasets and
electronic health records, machine learning techniques have emerged as valuable tools for predicting
cardiovascular risk using patient data [1], [2].

IJCRT2603455 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | d817


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 3 March 2026 | ISSN: 2320-2882

Traditional prediction models such as logistic regression, decision trees, and support vector machines
have been widely used in cardiovascular disease prediction tasks. These approaches analyze clinical
attributes including cholesterol levels, blood pressure, age, and electrocardiographic indicators to identify
patterns associated with cardiovascular risk [4], [5]. While these models provide useful diagnostic
assistance, their performance may be limited when handling complex feature interactions present in
clinical datasets.

To improve predictive performance, ensemble learning techniques have been introduced to combine
multiple classifiers. Ensemble models such as random forests, gradient boosting, and stacking
frameworks reduce prediction variance and improve generalization by aggregating outputs from multiple
learners [7], [8]. Several studies have demonstrated that ensemble learning improves cardiovascular
disease prediction accuracy compared with single-model approaches [9].

Recent advancements in deep learning have introduced transformer architectures that utilize attention
mechanisms to capture dependencies among input features. Originally developed for natural language
processing, transformers have been increasingly applied to healthcare data analysis due to their ability to
model complex relationships within structured datasets [3], [21]. These models enable improved feature
representation, which is critical for accurate clinical prediction.

Another key challenge in medical Al systems is interpretability. Clinicians require transparent models
that explain how predictions are generated. Explainable Al techniques such as SHAP provide feature-
level explanations that help identify the clinical factors influencing model decisions [10], [11].

Motivated by these developments, this study proposes a Transformer-Enhanced Ensemble Learning
framework that integrates attention-based feature representation with ensemble classification and
explainable Al. The objective is to improve prediction accuracy while maintaining interpretability for
cardiovascular disease prediction.

The main contributions of this study include:

 Integration of transformer-based feature representation with ensemble learning
« Development of an interpretable cardiovascular disease prediction model
» Performance evaluation against conventional machine learning methods

2. RELATED WORK

Machine learning techniques have been widely applied to cardiovascular disease prediction using
clinical datasets. Early research primarily focused on supervised learning models such as logistic
regression, decision trees, and support vector machines for predicting cardiovascular risk [2], [5]. These
approaches demonstrated promising results and served as the foundation for automated diagnostic
systems.

Several studies have proposed machine learning frameworks integrated with clinical decision-support
systems. For example, Fitriyani et al. developed the HDPM model to assist physicians in cardiovascular
diagnosis using patient data and machine learning techniques [2]. Similar studies explored various
classification algorithms for analyzing clinical attributes associated with heart disease risk [4].

To improve prediction accuracy, ensemble learning techniques have been introduced to combine
multiple classifiers. Ensemble approaches such as stacking and blending have shown improved
robustness and generalization performance in cardiovascular disease prediction tasks [8], [9]. Hybrid
machine learning models have also been proposed to capture complex relationships between clinical
features and disease outcomes [7].

Deep learning models have further expanded the capabilities of medical prediction systems. Neural
network-based approaches have been applied to medical imaging and clinical datasets to identify disease
patterns and improve prediction accuracy [18], [21]. More recently, transformer architectures have been

[JCRT2603455 ] International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ ds18


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 3 March 2026 | ISSN: 2320-2882

introduced for healthcare analytics due to their ability to capture feature dependencies through attention
mechanisms [3].

Another important research direction involves improving model interpretability. Explainable Al
techniques provide insights into prediction outcomes and highlight key clinical factors influencing
disease risk. Several studies have incorporated explainability mechanisms to improve transparency in
cardiovascular prediction systems [11], [12].

Despite these advancements, many existing models either lack interpretability or fail to capture
complex feature interactions in structured clinical datasets. Therefore, combining transformer-based
feature representation with ensemble learning provides a promising approach for improving both
predictive accuracy and model transparency.

3. PROPOSED METHODOLOGY

This study proposes a Transformer-Enhanced Ensemble Learning framework for interpretable
cardiovascular disease prediction. The framework integrates transformer-based feature representation
with ensemble classification and explainable artificial intelligence techniques. The overall architecture
consists of four stages: data preprocessing, transformer-based feature representation, ensemble
prediction, and model interpretation.

Figure 1 shows the architecture of the proposed Transformer-Enhanced Ensemble Learning
framework for cardiovascular disease prediction. Clinical data are first preprocessed, then passed through
a transformer encoder to extract feature representations. These features are used by multiple classifiers
in an ensemble model to generate the final disease prediction, while an explainable Al module provides
interpretation of the prediction results.
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Fig.1. Proposed Transformer-Enhanced Ensemble Learning Framework for Cardiovascular
Disease Prediction

3.1 Data Preprocessing

The cardiovascular disease dataset consists of structured clinical attributes including age, sex, chest
pain type, cholesterol level, resting blood pressure, electrocardiographic results, and maximum heart
rate. Before model training, several preprocessing steps are applied to improve data quality and model
performance.

These steps include:

« Handling missing values

« Removing inconsistent records

» Normalizing numerical attributes
» Encoding categorical variables

Feature normalization ensures that attributes with different scales do not bias the learning process.
After preprocessing, the dataset is divided into training and testing subsets for model evaluation.
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3.2 Transformer-Based Feature Representation

To capture complex relationships between clinical attributes, the proposed framework utilizes a
transformer encoder. Transformers employ an attention mechanism that allows the model to assign
importance weights to different features during prediction.

The attention mechanism is defined as:

) okT
Attention(Q, K, V) = softmax (E) %4 oo0
Where:
» (Q represents the query matrix
« K represents the key matrix
« I represents the value matrix
« KT denotes the transpose of the key matrix
« d; represents the dimension of the key vectors

The term QKT computes the similarity between the query and key vectors. The scaling factor

\/d_k prevents extremely large values that may destabilize the softmax function during training. The
softmax function converts similarity scores into normalized attention weights, which determine the
importance of each feature. These weights are then multiplied with the value matrix V to generate the
final attention-based feature representation.

Each patient record can be represented as a feature vector:
F = f(xll X2y X3y eeey xn) DZD

where x4, x,, ..., X, represent the clinical attributes and FF denotes the encoded feature representation
generated by the transformer encoder.

Figure 2 illustrates the Transformer Feature Representation Module used to extract meaningful
features from the clinical dataset. First, the input clinical attributes are converted into numerical vectors
through feature embedding. These embedded features are then processed- using a self-attention
mechanism, where query (Q), key (K), and value (V) matrices compute relationships between different
features. Finally, the transformer generates an encoded feature representation, which captures
dependencies among clinical attributes and is used as input for the ensemble classification model.
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Fig.2. Transformer Feature Representation Module

3.3 Ensemble Classification

To improve prediction accuracy and model robustness, the encoded features generated by the
transformer module are used to train multiple machine learning classifiers. The proposed framework
employs an ensemble learning strategy, where several classifiers contribute to the final prediction.

The ensemble includes models such as:
» Logistic Regression
« Support Vector Machine
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» Random Forest
« Gradient Boosting

The final prediction is obtained by aggregating outputs from individual classifiers. The ensemble
prediction can be expressed as:

1
Pensembie = N ?’:1 p; 030

where
» P, represents the prediction generated by the i*thith classifier
» N represents the number of classifiers in the ensemble.

This aggregation reduces prediction variance and improves generalization performance.

Figure 3 illustrates the Ensemble Prediction Framework used in the proposed model. Multiple
classifiers—Logistic Regression, Support Vector Machine (SVM), Random Forest, and Gradient
Boosting—are trained using the extracted feature representations. Each classifier produces a prediction,
and these outputs are combined in a voting layer. The voting mechanism aggregates the individual
predictions to generate the final cardiovascular disease prediction, indicating either the presence or
absence of disease.
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Fig.3. Ensemble Prediction Framework

3.4 Explainable Al Analysis

Interpretability is an important requirement for healthcare prediction systems. Therefore, the proposed
framework integrates Explainable Artificial Intelligence (XAI) techniques to analyze model predictions.

The SHAP (Shapley Additive Explanations) method is used to compute feature importance scores and
identify the clinical attributes that contribute most significantly to the prediction outcome. This enables
healthcare practitioners to understand how patient characteristics influence the model's decision.

Figure 4 presents the SHAP Feature Importance Visualization, which explains how different clinical
features influence the prediction of cardiovascular disease. The plot ranks features based on their
contribution to the model output. Each point represents the impact of a feature value on the prediction,
where red indicates high feature values and blue indicates low feature values. Features such as chest pain
type (cp), thalassemia (thal), number of major vessels (ca), ST depression (oldpeak), and cholesterol
(chol) show strong influence on the prediction results. This visualization helps interpret the model by
identifying the most significant risk factors contributing to cardiovascular disease prediction.
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Fig.4. SHAP Feature Importance Visualization

The Explainability module enhances transparency and increases trust in the Al-based prediction
system by providing insights into the factors associated with cardiovascular disease risk.

4. EXPERIMENTAL SETUP AND PERFORMANCE EVALUATION

This section describes the experimental configuration, dataset preparation, and evaluation criteria used
to assess the proposed Transformer-Enhanced Ensemble Learning framework for cardiovascular disease
prediction.

4.1 Experimental Environment

The proposed framework was implemented using a Python-based machine learning environment.
Python libraries were used for data preprocessing, model training, and evaluation. Scikit-learn was used
to implement machine learning models, while TensorFlow/PyTorch supported the transformer-based
feature representation. The SHAP library was employed to provide explainable Al analysis for
interpreting model predictions.

Table 1 presents the experimental environment used for implementing and evaluating the proposed
cardiovascular disease prediction framework. The implementation was carried out using Python with
machine learning, deep learning, and data processing libraries.

Table 1 Experimental Environment

Component Description
Programming Language Python
Machine Learning Framework Scikit-learn
Deep Learning Framework TensorFlow / PyTorch
Explainability Framework SHAP
Data Processing Pandas, NumPy

4.2 Dataset Preparation

The cardiovascular disease dataset consists of clinical attributes such as age, cholesterol level, blood
pressure, chest pain type, electrocardiographic results, and maximum heart rate. The target variable
indicates the presence or absence of cardiovascular disease.

Before training, the dataset was preprocessed by handling missing values, normalizing numerical
attributes, and encoding categorical features. The data were divided into training and testing sets using
an 8020 split, where 80% of the data were used for training and 20% for model evaluation. To improve
reliability, k-fold cross-validation was applied during model training.
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4.3 Model Training

The proposed model consists of two main stages. First, a transformer encoder extracts contextual
feature representations from the clinical dataset using an attention mechanism. These encoded features
are then used to train multiple machine learning classifiers.

An ensemble strategy combines the predictions from several base learners, including logistic
regression, support vector machines, random forests, and gradient boosting models. The final prediction
is obtained using majority voting or probability averaging.

4.4 Performance Evaluation Metrics

To evaluate the effectiveness of the proposed cardiovascular disease prediction framework, several
widely used classification performance metrics were employed. These metrics provide a comprehensive
assessment of the predictive capability of the model in terms of correctness, reliability, and sensitivity.
The evaluation metrics used in this study include accuracy, precision, recall, and F1-score.

Accuracy measures the overall proportion of correctly classified instances among all predictions made
by the model. It is defined as

TP+TN

Accuracy = ——— 4[]
TP+TN+FP+FN

where TP represents true positive cases, TN represents true negative cases, FP represents false
positive cases, and FN represents false negative cases.

Precision evaluates the proportion of correctly predicted positive instances among all instances
predicted as positive. It is expressed as

TP
TP+FP

50

Precision =
This metric indicates how reliable the model's positive predictions are.

Recall, also known as sensitivity, measures the ability of the model to correctly identify actual positive
cases. It is defined as

TP
TP+FN

6]

Recall =
High recall indicates that the model can effectively detect patients with cardiovascular disease.

The F1-score combines precision and recall into a single metric by computing their harmonic mean.
It provides a balanced evaluation of classification performance, particularly when dealing with
imbalanced datasets.
Fl=2x PreCL:SL:oanecall
Precision+Recall
These evaluation metrics provide a comprehensive measure of the classification performance of the
proposed model and enable fair comparison with baseline machine learning approaches.

Table 2 presents the performance evaluation metrics used to assess the effectiveness of the proposed
cardiovascular disease prediction model. These metrics provide a comprehensive assessment of the
model’s predictive accuracy, reliability, and classification capability.
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Table 2 Performance Evaluation Metrics

Metric Description
Accuracy Overall prediction correctness
Precision =~ Correct positive predictions among predicted positives
Recall Ability to detect actual positive cases
F1-score Balance between precision and recall
AUC Model capability to distinguish between classes

5. RESULTS AND DISCUSSION

The proposed Transformer-Enhanced Ensemble Learning model was compared with conventional
machine learning algorithms used for cardiovascular disease prediction. As shown in Table 3, traditional
models such as Logistic Regression, Decision Tree, and SVM achieved accuracies of 83.4%, 85.2%, and
86.7%, respectively. Ensemble models like Random Forest and Gradient Boosting performed better with
89.3% and 90.1% accuracy.

However, the proposed model achieved the highest accuracy of 93.6%, outperforming all baseline
methods. This improvement is due to the combination of transformer-based feature extraction and
ensemble learning, which enhances feature representation and prediction robustness. Additionally, the
model achieved the highest AUC value, indicating better capability in distinguishing between diseased
and non-diseased cases.

Table 3 Performance Comparison

Model Accuracy
Logistic Regression 83.4
Decision Tree 85.2
SVM 86.7
Random Forest 89.3
Gradient Boosting 90.1
Proposed Model 93.6

Figure 5 shows the Receiver Operating Characteristic (ROC) curve comparison of different prediction
models. The ROC curve plots the True Positive Rate (Sensitivity) against the False Positive Rate (1 —
Specificity) to evaluate the classification performance.

1.0 — Logistic Regression (AUC = 0.81)
— SVM (AUC = 0.84)
— Random Forest (AUC = 0.89) —

0.8
Ensemble Model (AUC = 0.92)

Random

True Posittve Rate

0.6 0.8 1.0

False Positive Rate

Fig.5 ROC Curve Comparison

The curves represent models such as Logistic Regression, Support Vector Machine (SVM), Random
Forest, and the proposed Ensemble Model. The Area Under the Curve (AUC) indicates the model’s
ability to distinguish between diseased and non-diseased cases. The proposed ensemble model achieves
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the highest AUC, demonstrating better prediction performance compared to the individual baseline
models.

The results demonstrate that transformer-based feature representation combined with ensemble
learning significantly improves classification performance.

Explainable Al analysis identified key clinical factors influencing cardiovascular risk, including age,
cholesterol level, chest pain type, and maximum heart rate.

Figure 6 shows the SHAP Feature Importance Plot, which ranks clinical features based on their
contribution to the cardiovascular disease prediction model.
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thalach (Max Heart Rate) _
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Fig.6 SHAP Feature Importance Plot

The horizontal bars represent the mean absolute SHAP values, indicating the overall importance of
each feature. Features such as chest pain type (cp), thalassemia (thal), number of major vessels (ca), and
ST depression (oldpeak) have the highest impact on the model’s predictions. This analysis helps identify
the most significant clinical risk factors influencing cardiovascular disease detection and improves the
interpretability of the proposed model.

6. CONCLUSION

Although the proposed Transformer-Enhanced Ensemble Learning framework demonstrates
promising performance for cardiovascular disease prediction, several research directions remain for
further improvement and practical deployment.

First, future studies can evaluate the proposed framework using larger and more diverse clinical
datasets collected from multiple healthcare institutions. Incorporating heterogeneous patient populations
would improve the generalization capability of the model and enable more reliable real-world clinical
applications.

Second, the current study focuses primarily on structured clinical attributes. Future work may integrate
multimodal medical data, including electrocardiogram (ECG) signals, medical imaging, wearable sensor
data, and electronic health records. Combining multiple data modalities can enhance predictive accuracy
and provide a more comprehensive representation of patient health conditions.

Another promising direction involves the use of advanced transformer architectures and lightweight
attention mechanisms to improve computational efficiency. Optimizing transformer models for
structured healthcare datasets may reduce training complexity while maintaining strong predictive
performance.
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Additionally, federated learning approaches could be explored to enable collaborative model training
across multiple hospitals without sharing sensitive patient data. Such privacy-preserving learning
frameworks would address data security concerns and facilitate large-scale healthcare analytics.

Finally, the proposed framework could be extended into real-time clinical decision-support systems
integrated with hospital information systems. This would allow healthcare professionals to utilize Al-
assisted prediction tools during routine clinical assessments, enabling earlier detection of cardiovascular
risk and supporting preventive healthcare strategies.
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