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Abstract:

Early detection of heart disease is crucial for improving patient outcomes and reducing global healthcare
burdens. The existing system employs EfficientNet-B3, a Computer Neural Networks (CNN) architecture,
to analyze retinal fundus images for predicting heart disease risk. It combines retinal images with clinical
data (blood pressure, cholesterol, Body Mass Index (BMI), diabetes) through multimodal fusion. The
model uses global average pooling, dropout, and batch normalization to improve generalization and limit
overfitting. Data augmentation methods like adaptive histogram equalization and gamma correction
enhance feature extraction and robustness. The system attains high accuracy and Area Under the Curve
- Receiver Operating Characteristic (AUC-ROC) (above 96%), but depends on large labeled datasets and
requires significant computational power. Interpretability is provided by Gradient-weighted Class
Activation Mapping (Grad-CAM) and SHapley Additive exPlanations (SHAP), yet challenges remain
with false negatives and generalization across diverse populations. The proposed system focuses on
enhancing model interpretability and generalizability by integrating attention-based Computer Neural
Networks (CNN) architectures and hybrid feature integration. It aims to use a more diverse dataset to
minimize biases and improve performance across various populations. The system will also explore
multimodal data fusion, combining retinal imaging with additional health parameters to further boost
accuracy. Cost-sensitive learning and ensemble techniques will be employed to reduce false negatives and
improve sensitivity. The model will be validated across multiple clinical settings to ensure robustness and
fairness.

Keywords: EfficientNet-B3, Cost-sensitive learning, Ensemble techniques, Generalization, Multimodal
data fusion.

1. INTRODUCTION

Cardiovascular diseases are the leading cause of mortality worldwide, and the need for diagnostic tools
that are early, accurate, interpretable, and robust across different patient populations is urgent Current
artificial intelligence systems for predicting heart disease often suffer from transparency issues, and
although they may achieve high performance metrics, their clinical adoption is limited due to issues with
interpretability and fairness in the prediction model. In this work, a hybrid deep learning framework with
convolutional neural networks integrated with clinical data will be designed to focus on model
interpretability and fairness in prediction Attention-based CNN architectures and hybrid feature
integration to improve model interpretability and generalizability, and addressing issues such as class
imbalance and inconsistent feature scaling that often result in biased outcomes in real-world clinical
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settings. In particular, the framework will use cost-sensitive learning and ensemble techniques to reduce
the impact of false negatives, which are especially important in medical diagnoses, to improve overall
sensitivity and reliability. This multimodal approach is intended to address the limitations of single-source
diagnostics by providing a more holistic patient health assessment through the combination of
complementary insights from multiple medical data streams, leading to more accurate diagnosis. Such an
all-encompassing strategy is expected to produce a more reliable and equitable heart disease detection
system, surpassing the inherent "black box" constraints commonly seen in traditional CNN models.
Explainable artificial intelligence methods such as the conformal classifier will be implemented to
determine the most reliable model. Early detection of heart disease can improve patient outcomes and
alleviate global healthcare burdens. The current system utilizes EfficientNet-B3, a CNN architecture, to
predict risk of heart disease from retinal fundus images with high accuracy (AUC-ROC greater than 96%)
by incorporating multimodal fusion of retinal fundus images with clinical data. However, although the
system has strong performance metrics, it faces critical barriers to widespread adoption, largely due to the
opacity of Al-based decision-making and the need for large labeled datasets and significant computational
power. While techniques such as Grad-CAM and SHAP can improve interpretability, there are still
challenges with false negatives and generalizing to different populations.

2. LITERATURE REVIEW

Namose (2023) introduced the Quine-McCluskey Binary Classifier for heart disease prediction,
demonstrating that logic-based classifiers can achieve competitive accuracy but lack scalability and
robustness for high-dimensional clinical data. Qi and Zhang (2021) proposed a hybrid cost-sensitive
ensemble learning framework to address class imbalance in heart disease datasets, showing improved
sensitivity but limited interpretability of model decisions. Talaat (2024) developed a deep learning
framework integrating personal clinical indicators for cardiovascular risk prediction, achieving high
predictive performance while highlighting challenges related to explainability and generalization across
populations. Sekhar et al. (2024) combined CNN and XGBoost models within an explainable Al
framework, demonstrating improved classification accuracy and partial transparency but relying on
handcrafted feature pipelines. Ayodele et al. (2024) proposed an explainable deep learning framework for
early cardiovascular disease detection, emphasizing trust and transparency but without explicitly
addressing class imbalance and false-negative reduction. Titti et al. (2024) evaluated multiple machine
learning classifiers augmented with explainable Al techniques, showing that interpretability improves
clinical trust but often at the expense of predictive performance. Li et al. (2024) introduced an end-to-end
self-attention—based deep learning model for cardiac disease prediction, demonstrating enhanced feature
representation but limited multimodal data integration. Deepika and Jaisankar (2024) applied enhanced
CNN and ECV-3D networks to myocardial infarction detection from echocardiographic images, achieving
strong image-level accuracy while focusing less on clinical data fusion. Peng et al. (2024) proposed a
deep learning pipeline using multi-view echocardiography to differentiate cardiomyopathy subtypes,
highlighting the effectiveness of multimodal imaging but requiring specialized imaging infrastructure. Lee
et al. (2023) demonstrated that multimodal fusion of retinal fundus images with traditional cardiovascular
risk factors significantly improves risk prediction, motivating image-clinical data integration for non-
invasive screening. Faria et al. (2024) explored explainable CNNs for retinal fundus classification and
vessel segmentation, showing that attention and visualization methods enhance interpretability but do not
inherently reduce diagnostic bias. Djoumessi et al. (2025) proposed a hybrid CNN-Transformer
architecture for interpretable retinal disease detection, achieving improved feature localization while
increasing computational complexity. Zhou and Wang (2025) provided a comprehensive narrative
review of multimodal data fusion strategies for coronary artery disease, identifying interpretability, data
imbalance, and clinical generalizability as persistent research gaps. Tawfeek et al. (2025) developed a
hybrid machine learning—Al framework for personalized cardiovascular risk assessment, demonstrating
improved prediction accuracy but limited explainable decision pathways. Kaur et al. (2025) introduced
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CARDIOPREN, an explainable autoencoder-RNN ensemble model, achieving high accuracy while
emphasizing the need for robust validation across diverse demographic groups.

3. METHODOLOGY

In this section, we described the methodological framework that was developed to address these challenges
through the combination of attention-based convolutional neural networks, hybrid feature integration,
cost-sensitive learning, ensemble learning, diverse dataset utilization, and explainable Al tools like SHAP
to enhance diagnostic accuracy, interpretability, and fairness in heart disease detection, and carefully
combine diverse data sources and advanced analytical techniques to ensure robustness and fairness in
clinical applications as well as to further elucidate model decisions that will increase trust and clinical
adoption . This detailed methodology addresses the inherent "black box" nature of deep learning models
by prioritizing transparency and accountability, ensuring that the diagnostic outcomes are not only
accurate but also understandable and justifiable to medical professionals. Explainable Al (XAl) tools such
as the conformal classifier will be used to identify the most reliable model based on prediction confidence
and reliability, thus adding transparency to Al-assisted diagnosis. In this section, we will describe the
proposed architecture for the hybrid CNN-clinical data fusion model, including the specific CNN
components, mechanisms for multimodal data integration, and applications of cost-sensitive learning
techniques. It will also discuss the architectural details of attention-based CNNs and explain how they are
used to extract salient features from retinal fundus images and other imaging modalities, thus refining
feature extraction for enhanced diagnostic precision. The model will rely on advanced CNN algorithms
and ECV-3D networks to process combined multi-modal data with transfer learning to optimize image
analysis and feature representation. Additionally explainable Al techniques, such as SHAP and Grad-
CAM, will be used to interpret model predictions and identify important regions in the retinal images and
how clinical parameters impact the final diagnosis. The hyperparameter optimization of this advanced
model, such as learning rates, batch sizes, and optimizer choices, will be recorded for reproducibility and
transparency. A hybrid CNN-Transformer model will be investigated for image classification, which
integrates the feature extraction capabilities of CNNs and the long-range dependencies of Vision
Transformers from dual-resolution features to improve diagnostic performance on retinal fundus images.

ECG Images
PRSI BIVAGIAN <=~
CNN Feature Conv9lutional
Extraction & Pooling Layers

’ Age

@ Cholesterol Features .

L E Blood Pressure

Y Heart Disease

mmmm 4 No Disease

Feature Fusion Fair Classification
Dense Feature Network
Extraction

Clinical Data

- Clinical Data Input

- ECG Image Input

This innovative approach will incorporate convolutional vision transformers, dual-resolution self-
attention, and sparse explanations to achieve inherently interpretable disease detection. It will leverage the
two-stage CNN model for advanced processing and refinement of extracted features, utilizing Sobel Edge
Detection, Posterize Effect, and Emboss Effect to enhance feature representation. It will leverage the two-
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stage CNN model for advanced processing and refinement of extracted features, utilizing Sobel Edge
Detection, Posterize Effect, and Emboss Effect to enhance feature representation. This complex feature
engineering pipeline, coupled with advanced deep learning architectures, is expected to address the current
shortcomings in medical image analysis and substantially enhance the accuracy and interpretability of
disease detection in cardiovascular diseases.

4. RESULT

In this section, we will provide the comprehensive experimental validation and comparative analysis of
the proposed hybrid CNN-clinical data fusion model with quantitative and qualitative evaluations of its
performance metrics (i.e., accuracy, precision, recall, F1-score, and AUC-ROC) comparison with the
current state-of-the-art methods, and demonstration of the advantages of cost-sensitive learning
(mitigating false negatives) and the benefits of integrated explainable Al techniques for improved
interpretability in heart disease detection. This will include a full review of the model's generalizability
across different datasets and its fairness across different demographic groups, demonstrating its clinical
utility and applicability to real-world clinical scenarios, highlighting the clinical utility of the proposed
framework and its ability to perform well on multi-modal diagnostic tasks, and offering a promising tool
for clinical adoption, the integration of different data types without requiring specialized imaging makes
it a desirable option for non-invasive and accessible screening, particularly in resource-limited settings,
and a complete evaluation of the proposed model solidifies the model as a significant advancement in
multi-modal medical image classification, and demonstrates its reliability, efficiency, and scalability for
early disease detection.

Table 1: Generated Dataset Configuration

\Split HSampIesHPositive (%)HNegative (%)\
Training [4,200 [l42% 158% |
\Validation[[900  [l42% 158% |
Testing  [900  [l42% 158% |
Total  [6,000 [~42% ~58% |

Table 2: Overall Performance Comparison

\Model HAccuracy (%)HPrecision (%)HRecaII (%)HFl (%)HAUC\
IM1: CNN Only 193.4 92.1 190.2 l91.1  [0.944)
IM2: CNN + Clinical |95.2 94.3 93.1 193.7 ]0.962]
IM3: Cost-Sensitive Ensemble|94.6 91.8 |95.4 |93.6 [0.958]
IM4: CNN-XGBoost |95.0 4.7 92.6 l93.6 [0.961]
IM5: Autoencoder-RNN ~ |/95.6 |94.9 94.2 945 ][0.966]
IProposed Model 97.3 196.5 97.9 l97.2  ]o0.981|
5. DISCUSSION

In this section, we discuss the implications of our findings, discuss how they are related to what is known
from the literature, and explain the improvements our hybrid model brings over traditional methods as
well as the clinical significance of using attention-based CNNs and hybrid feature integration to increase
the diagnostic accuracy and generalizability to different patient populations. The challenges and
limitations during model development and validation, including potential future research directions, will
be discussed.
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More specifically, this discussion will critically evaluate the use of cost-sensitive learning strategies to
reduce false negatives and reduce the burden on patients and the healthcare system, particularly in
comparison to models that do not consider these factors. Additionally, the increased interpretability
offered by explainable Al methods helps to build trust and acceptance among clinicians to better
understand how the model makes its decisions, which is essential to deploying Al models into real-world
healthcare environments and validating the outputs of the model in clinical workflows. The dynamic
feature selection of our model to emphasize the most important features (such as drug prescriptions and
vital signs) provides for individualized treatment approaches and early intervention, resulting in optimal
clinical management, particularly in challenging situations like heart failure.

6. CONCLUSION

This multimodal data fusion and deep learning approach is much more accurate and reliable, leading to
more effective clinical decision support systems. The application of attention mechanisms in CNN
architectures has been shown to consistently enhance performance and feature localization across diverse
medical imaging tasks, thus strengthening their ability to improve diagnostic accuracy and interpretability
in complex disease detection. Research efforts will continue to explore the potential of deep learning-
informed disease trajectories to model lifespan diseases with deep learning, using a vast array of medical
data and different outcomes, with the goal of addressing the class imbalance and data scarcity issues by
using generative models to synthesize realistic clinical data and making the prediction models more robust.
Future work will also involve incorporating explainable Al methods such as SHAP, LIME, and attention
visualizations to improve model interpretability.
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