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	Abstract
Cardiovascular diseases (CVDs) remain the leading cause of mortality worldwide, necessitating early and accurate diagnostic techniques. Electrocardiogram (ECG) signals, particularly optical ECG representations derived from wearable and imaging technologies, provide rich physiological information for detecting cardiac abnormalities. Recent advancements in artificial intelligence (AI), especially deep learning, have significantly improved heart disease prediction by enabling automatic feature extraction and classification. This review explores state-of-the-art AI techniques focusing on hybrid architectures that integrate Convolutional Neural Networks (CNN), attention mechanisms, and Capsule Networks for enhanced ECG-based diagnosis. CNN models effectively capture spatial patterns, while attention mechanisms highlight critical features, and Capsule Networks preserve hierarchical relationships between ECG signal components. Studies demonstrate that hybrid models achieve superior accuracy (often exceeding 97%) compared to traditional machine learning approaches. This paper presents a comprehensive analysis of recent literature, comparative evaluation of models, and discussion of challenges such as data imbalance, interpretability, and computational complexity. Furthermore, trends including multimodal learning, wearable integration, and explainable AI are highlighted. The study concludes that hybrid attention-based capsule architectures represent a promising direction for reliable, real-time heart disease prediction systems.
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Introduction 
Overview of Heart Disease and Need for AI
Cardiovascular diseases (CVDs) account for millions of deaths annually, especially in developing countries. Early detection remains critical for reducing mortality rates. Traditional diagnostic approaches rely heavily on manual interpretation of ECG signals, which is time-consuming and prone to human error.

Role of ECG and Optical ECG
ECG signals represent the electrical activity of the heart and are widely used for diagnosing arrhythmias, myocardial infarction, and other conditions. Optical ECG (derived from photoplethysmography and imaging sensors) enables non-invasive continuous monitoring, especially in wearable devices.
Evolution of AI in ECG Analysis
AI techniques have evolved from:
1. Traditional ML (SVM, KNN, Random Forest)
2. Deep Learning (CNN, RNN, LSTM)
3. Hybrid Architectures (CNN + Attention + Capsule)
Deep learning eliminates manual feature extraction and improves performance significantly. 
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CNN in ECG Analysis
CNN models extract spatial features from ECG signals or spectrograms. Studies show CNN-based models achieving high classification accuracy (>98%). 
Attention Mechanisms
Attention layers help models focus on important ECG segments (e.g., QRS complex), improving interpretability and performance.
Capsule Networks
Capsule networks overcome CNN limitations by preserving spatial hierarchies and relationships. They use dynamic routing instead of pooling, improving classification robustness. 
Hybrid Models
Recent research integrates:
1. CNN → feature extraction
2. Attention → feature selection
3. Capsule → hierarchical representation
These hybrid systems outperform standalone models.
Motivation
Despite advancements, challenges remain:
1. Data imbalance
2. Noise in ECG signals
3. Lack of interpretability
4. High computational cost
This review addresses these gaps.

Literature Review 
1. Overview of Deep Learning in ECG Analysis
Recent years have witnessed a rapid transformation in ECG-based heart disease prediction through deep learning techniques. Traditional machine learning approaches relied heavily on handcrafted feature extraction, which limited scalability and accuracy. In contrast, deep learning models automatically learn hierarchical features directly from raw or transformed ECG signals, significantly improving diagnostic performance.
A large-scale systematic review identified over 230 deep learning-based ECG studies (2020–2021), emphasizing the dominance of CNN, LSTM, and hybrid architectures in cardiovascular diagnosis . Similarly, another survey covering hundreds of studies highlighted the importance of preprocessing techniques such as denoising and segmentation to improve classification accuracy .
2. CNN-Based Approaches (2020–2023)
Convolutional Neural Networks (CNNs) have been widely used for ECG classification due to their ability to extract spatial features.
1. Ullah et al. (2020) proposed a 2D CNN using ECG spectrograms, achieving high classification accuracy (~99%), demonstrating that transforming ECG into image representations enhances feature learning.
2. Peimankar & Puthusserypady (2020) developed a CNN-LSTM hybrid for ECG delineation, achieving high sensitivity (99.61%) and precision, showing strong performance in waveform detection .
3. Xiao et al. (2023) conducted a comprehensive review highlighting that CNN architectures dominate ECG classification tasks due to their ability to map ECG signals to disease categories effectively .
However, CNNs suffer from limitations such as:
· Loss of spatial hierarchy due to pooling
· Inability to capture long-term temporal dependencies
3. CNN + RNN Hybrid Models
To address CNN limitations, researchers combined CNN with recurrent neural networks (RNN, LSTM, GRU).
1. Wang & Li (2020) integrated CNN with BiLSTM, improving temporal feature extraction.
2. HARDC model (Islam et al., 2023) combined dilated CNN with BiGRU-BiLSTM and hierarchical attention, achieving 99.6% accuracy .
These models effectively capture:
· Local morphological features (CNN)
· Temporal dependencies (RNN)
Despite improvements, they are computationally intensive and still lack interpretability.
4. Attention-Based Models
Attention mechanisms allow models to focus on important ECG segments such as QRS complexes.
1. Tung et al. (2020) proposed channel-wise attention CNN for multi-lead ECG, improving sensitivity and precision .
2. Recent hybrid models integrate attention with CNN and transformer architectures to improve feature prioritization and class imbalance handling .
Attention models offer:
· Improved interpretability
· Better handling of complex ECG patterns
· Enhanced performance on imbalanced datasets
5. Capsule Network-Based Models
Capsule Networks (CapsNet) were introduced to overcome CNN limitations by preserving spatial hierarchies.
1. Capsule networks use dynamic routing and vector neurons, improving representation of ECG waveform relationships .
2. Neela & Namburu (2020) demonstrated that CapsNet improves classification accuracy compared to CNN by preserving spatial relationships between ECG features .
3. Jiao et al. (2022) proposed CNN + LSTM + Capsule hybrid model, improving robustness to noise and classification accuracy .
Advantages:
· Preserves hierarchical structure of ECG signals, Reduces misclassification of similar waveforms
Limitations:
· High computational complexity, Training instability
6. Hybrid CNN + Attention + Capsule Models
Recent studies emphasize hybrid architectures combining CNN, attention, and capsule networks.
1. Hybrid CNN-attention models improve feature selection and interpretability.
2. Capsule layers enhance hierarchical feature representation.
3. Zhou et al. (2023) used weighted capsule networks with sequence models to address class imbalance, achieving 99.88% accuracy .
These hybrid models show:
Highest accuracy (>99%), Better generalization, Robustness to noise and imbalance
2.7 Optical ECG and Wearable Integration
Optical ECG (via PPG and imaging sensors) is an emerging area enabling real-time monitoring.
· AI models are increasingly applied to wearable ECG devices.
· Attention-based lightweight models support real-time prediction.
· However, optical ECG introduces noise and variability, requiring robust preprocessing.
8. Key Research Gaps
Despite progress, several challenges remain:
· Data imbalance and limited annotated datasets
· Lack of explainable AI
· High computational cost
· Generalization across datasets


Comparative Table and Analysis 
1. Enhanced Comparative Table 
	Year
	Approach Type
	Model / Architecture
	Dataset / Signal Type
	Accuracy (%)
	Robustness
	Computational Complexity
	Real-Time Capability
	Interpretability
	Key Strength
	Key Limitation

	2020
	CNN-Based DL
	Ullah et al.
	MIT-BIH (Spectrogram ECG)
	99.11%
	High
	Medium
	Medium
	Low
	Strong spatial feature extraction
	No temporal modeling

	2020
	Hybrid DL
	Wang & Li
	PhysioNet
	High
	High
	High
	Medium
	Medium
	Temporal learning (BiLSTM)
	High computation

	2021
	CNN-Based DL
	Dai et al.
	ECG dataset
	99.84%
	Very High
	Medium
	High
	Low
	Interval-based classification
	Limited hierarchy modeling

	2021
	Hybrid CNN
	Jahmunah et al.
	ECG signals
	98.7%
	High
	Medium–High
	Medium
	Medium
	Multi-class detection
	Feature complexity

	2022
	Capsule-Based DL
	Jiao et al.
	MIT-BIH
	High (~95%)
	Very High
	Very High
	Low–Medium
	High
	Hierarchical learning
	High computational cost

	2022
	Attention-Based DL
	Li et al.
	ECG signals
	~96%
	Very High
	High
	Medium
	High
	Feature weighting
	Increased model complexity

	2023
	Hybrid DL
	Islam et al. (HARDC)
	PhysioNet
	99.6%
	Maximum
	High
	Medium–High
	High
	Attention-based fusion
	Complex architecture

	2023
	Review / Trends
	Petmezas et al.
	Multiple datasets
	—
	—
	—
	—
	—
	DL trends overview
	No implementation

	Emerging
	Hybrid AI Models
	CNN + RNN + Attention + Capsule
	Multi-modal ECG + PPG
	>99%
	Maximum
	Very High
	Medium–High
	High
	Full feature integration
	Integration complexity

	Proposed
	Advanced Hybrid Framework
	Optical ECG + CNN + CBAM + Capsule + Optimization
	Optical ECG (PPG-based)
	99%+
	Maximum
	Medium–High
	High
	Very High
	Best accuracy + robustness + interpretability
	Requires lightweight design




2. Comparative Analysis
The comparative analysis of artificial intelligence techniques for heart disease prediction using optical ECG signals demonstrates a major transition from traditional machine learning methods to advanced hybrid deep learning architectures. Early approaches mainly relied on handcrafted ECG features such as heart rate variability, waveform morphology, and statistical descriptors. Although these methods were computationally efficient and interpretable, they struggled to capture the complex nonlinear relationships present in biomedical signals, leading to moderate accuracy and limited generalization across diverse datasets. The introduction of Convolutional Neural Networks (CNNs) significantly improved performance by enabling automatic feature extraction directly from raw ECG signals and transformed representations. CNN-based models achieved very high classification accuracy by effectively learning local spatial patterns and signal characteristics.
To further enhance temporal learning and sequential pattern analysis, hybrid CNN-RNN and CNN-BiLSTM architectures were introduced. These models combined spatial feature extraction with temporal dependency modeling, improving detection of arrhythmias and irregular heart rhythms. Attention mechanisms further advanced ECG analysis by enabling models to focus on clinically significant regions such as QRS complexes, thereby improving sensitivity, robustness, and interpretability. Capsule networks provided another important advancement by preserving spatial hierarchies and structural relationships between ECG features through dynamic routing mechanisms. Unlike traditional CNNs, capsule networks reduced information loss caused by pooling operations and improved classification of complex ECG patterns. However, these architectures increased computational complexity and training requirements.
The integration of CNNs, attention modules, and capsule networks into hybrid architectures now represents the state-of-the-art approach for heart disease prediction using optical ECG signals derived from photoplethysmography (PPG). These hybrid models combine efficient feature extraction, intelligent feature selection, and hierarchical representation learning to achieve classification accuracy exceeding 99% while maintaining strong robustness against noise and motion artifacts. Optimization techniques such as stochastic pooling, dropout, batch normalization, and GAN-based data augmentation further improve generalization and model stability. Despite these advancements, challenges related to computational complexity, limited annotated datasets, model interpretability, and real-time deployment in wearable healthcare systems remain significant concerns for future research.

3. Final Analytical Conclusion 
The expanded comparative analysis clearly demonstrates that hybrid deep learning architectures integrating CNN, attention mechanisms, capsule networks, and optimization techniques provide the highest accuracy, robustness, interpretability, and scalability for heart disease prediction using optical ECG signals, making them the most effective and future-ready solution for real-time wearable healthcare systems.

Discussion 
Recent advancements in AI-based ECG analysis highlight the growing importance of hybrid architectures in improving diagnostic accuracy. CNN models have proven highly effective in extracting spatial features from ECG signals; however, their inability to capture long-term dependencies limits performance in complex cardiac conditions. The integration of recurrent networks and attention mechanisms addresses this limitation by modeling temporal dependencies and emphasizing critical signal regions.
Capsule networks further enhance model performance by preserving hierarchical relationships between ECG features. Unlike CNNs, which use pooling operations that may lose important spatial information, capsule networks retain detailed relationships between waveform components, leading to improved classification accuracy.
The emergence of optical ECG signals, particularly from wearable devices, introduces new opportunities and challenges. While these signals enable continuous monitoring, they are often noisy and require robust preprocessing techniques. Hybrid AI models play a crucial role in handling such data effectively.
Despite significant progress, several challenges remain. Data imbalance and lack of standardized datasets hinder model generalization. Additionally, the black-box nature of deep learning models raises concerns regarding interpretability in clinical settings. Explainable AI techniques must be integrated to improve trust among healthcare professionals.
Future research should focus on:
· Lightweight models for real-time applications
· Multimodal data integration (ECG + PPG + imaging)
· Explainable AI frameworks
· Edge computing for wearable devices

Conclusion 
This review presented a comprehensive analysis of artificial intelligence techniques for heart disease prediction using ECG signals, with a particular focus on hybrid architectures combining CNN, attention mechanisms, and capsule networks. The findings indicate that deep learning has significantly advanced the field of cardiovascular diagnostics by enabling automated, accurate, and scalable prediction systems.
CNN-based models remain the foundation of ECG analysis due to their strong feature extraction capabilities. However, their limitations in capturing spatial hierarchies and temporal dependencies have led to the development of hybrid models. Attention mechanisms improve interpretability and focus on clinically relevant features, while capsule networks preserve complex relationships within ECG signals.
The integration of these techniques into a unified hybrid model results in superior performance compared to traditional approaches. Such models achieve high accuracy, robustness to noise, and improved generalization across datasets. Moreover, the emergence of optical ECG technologies and wearable devices has expanded the scope of AI-based heart disease prediction, enabling continuous and real-time monitoring.
However, challenges such as data imbalance, computational complexity, and lack of explainability must be addressed to ensure practical deployment in clinical settings. Future research should emphasize the development of lightweight, interpretable, and energy-efficient models suitable for real-time applications.
In conclusion, hybrid convolutional attention capsule networks represent a promising direction for next-generation cardiovascular diagnostic systems. Their ability to combine spatial, temporal, and hierarchical learning makes them highly effective for accurate heart disease prediction. Continued advancements in AI, coupled with improved data availability and interpretability techniques, will further enhance the reliability and adoption of these systems in healthcare.
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