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Abstract. Heart Valve Disease (HVD) is a critical cardiovascular condition and 

it affects millions of people globally. Early detection and diagnosis accuracy are 

imperative to prevent severe complications such as heart failure. Artificial 

Intelligence (AI) has emerged as a transformative technology in medical 

diagnostics, providing high accuracy, efficiency, and reliability. This review 

explores the AI-driven methodologies for HVD diagnosis, encompassing 

machine learning (ML) and deep learning (DL) techniques, their 

implementation, challenges, and future prospects. 
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1. Introduction  

Cardiovascular diseases remain one of the leading causes of mortality worldwide, with 

Heart Valve Disease (HVD) being a significant contributor. HVD occurs when one or 

more of the heart’s valves do not function properly, leading to disrupted blood flow 

and increased cardiac strain. Common forms of HVD include aortic stenosis, mitral 

valve prolapse, and valvular regurgitation. If left undiagnosed or untreated, HVD can 

lead to heart failure, stroke, and other life-threatening complications. 

Traditional diagnostic methods for HVD include echocardiography, auscultation, 

phonocardiography, and electrocardiography (ECG). While these techniques provide 

valuable insights into heart valve function, they require expert interpretation and can be 

prone to subjectivity and inter-observer variability. Furthermore, manual diagnosis can 

be time-consuming and may not always be accessible in resource-limited settings. 

Artificial Intelligence (AI) has emerged as a revolutionary tool in the healthcare sector, 

particularly in medical imaging and signal processing. AI-driven approaches leverage 

machine learning (ML) and deep learning (DL) techniques to enhance the accuracy of 

HVD diagnosis. By analyzing echocardiographic images, heart sounds, and ECG 

signals, AI models can identify patterns and anomalies that may not be easily detected 

by human experts. Additionally, AI-based predictive analytics can assist in early 

detection and risk stratification, enabling timely medical intervention. 
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The application of AI in HVD diagnosis offers numerous benefits, including increased 

efficiency, reduced diagnostic errors, and the ability to do the analysis of large datasets 

for improved clinical decision-making. Deep learning models, particularly 

Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), 

have demonstrated exceptional performance in medical imaging and time-series data 

analysis. Moreover, the integration of AI with wearable health monitoring devices has 

opened new avenues for real-time, continuous heart health assessment. 

Despite these advancements, several challenges remain in the deployment of AI for 

HVD diagnosis. The scarcity of labeled medical datasets, ethical and regulatory 

concerns, and the need for model interpretability are key areas that require further 

research and development. Ensuring the reliability and clinical acceptance of AI 

models is crucial for their successful implementation in real-world healthcare settings. 

This review aims to provide a detailed analysis of AI-driven methodologies for HVD 

diagnosis, discussing recent advancements, challenges, and future research directions. 

By bridging the gap between AI and cardiology, we can move towards a more 

accurate, accessible, and efficient approach to heart valve disease diagnosis and 

management. 

2. Research Objectives 

RO 1: To categorize and critically analyze existing AI-based techniques including 

machine learning, deep learning, and signal processing methods) applied in the 

diagnosis and classification of heart valve diseases. 

RO 2: To analyze feature extraction techniques and data preprocessing strategies used 

across various studies for different types of medical data related to HVD. 

RO 3: To evaluate the role of different data modalities: e.g., echocardiography images, 

heart sound recordings, ECG signals, clinical parameters, and biomarkers in AI-based 

HVD detection and severity assessment. 

RO 4: To identify research gaps, limitations, and challenges in current AI-driven 

diagnostic systems, including data scarcity, interpretability, generalizability, and real-

time deployment in clinical practice and propose future research directions and 

potential frameworks for developing explainable, scalable, and clinically validated AI 

systems for heart valve disease detection and severity estimation. 

RO 5:To explore the role of multimodal data fusion techniques in enhancing the 

accuracy and robustness of heart valve disease diagnosis, especially by integrating 

image, audio, and clinical data sources. 

3. Literature Review Methodology 
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The literature review is conducted to analyze the state-of-the-art methods for heart 

valve disease (HVD) detection and severity classification. The selected papers 

encompass various machine learning, deep learning, and signal processing techniques, 

providing insights into their methodologies, datasets, and performance metrics. The 

review follows a systematic methodology to categorize, compare, and synthesize the 

findings. 

Selection Criteria: The papers included in this review were selected based on the 

following criteria: 

 Published in IEEE Transactions, Journals and Conference ensuring high-quality peer-

reviewed sources. 

 Focus onheart valve disease detection, classification, or severity estimation. 

 Utilization of machine learning, deep learning, or signal processing techniques. 

 Inclusion ofdata sources, such as PCG signals, echocardiography, and clinical 

parameters. 

 Published from 2017 to 2024 to ensure relevance to current advancements. 

4. Review of Approaches(Techniques) 

4.1 Traditional Approaches 

Heart valve disease (HVD) detection has traditionally relied on clinical assessments 

and expert interpretation of physiological signals. These conventional approaches, 

while widely used, have notable limitations, including subjectivity, inter-observer 

variability, and reliance on clinical expertise. 

Echocardiography is the gold standard for HVD diagnosis, providing detailed imaging 

of heart valve morphology and function. Cardiologists assess parameters such as 

valve thickening, regurgitation, stenosis, and blood flow patterns using Doppler 

echocardiography. However, this method ishighly dependent on the expertise of the 

cardiologist, leading to variations in diagnosis and classification, particularly for 

borderline cases. Additionally, manual interpretation can be time-consuming and 

requires significant training. 

Auscultation, using a stethoscope, remains a fundamental tool for detecting heart 

murmurs caused by valve dysfunction. Physicians listen for abnormal heart sounds, 

such as systolic and diastolic murmurs, to assess potential valvular abnormalities. 

While auscultation is non-invasive and cost-effective, it suffers from high  

inter-observer variability, as accurate murmur recognition depends on the clinician's 

experience. Background noise, patient positioning, and subtle heart sound variations 

can also impact diagnostic accuracy. 

ECG is another traditional approach used to assess electrical activity of the heart, 

which can indirectly indicate valve disorders. Abnormal ECG patterns, such as atrial 
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fibrillation, left ventricular hypertrophy, or conduction delays, may suggest 

underlying valvular disease. However, ECG is not a direct diagnostic tool for HVD, 

as many valvular abnormalities do not produce clear electrical disturbances. 

Consequently, it is often used in conjunction with echocardiography to provide 

additional clinical insights. 

Despite their long-standing use in clinical practice, traditional approaches to HVD 

detection present several challenges: 

 Subjectivity: Diagnoses rely on human interpretation, which may vary 

between clinicians. 

 Inter-Observer Variability: Different cardiologists or general practitioners 

may reach different conclusions based on the same data. 

 Dependency on Clinical Expertise: Accurate interpretation requires 

extensive training and experience, making it less accessible in resource-limited 

settings. 

These limitations highlight the need for automated, AI-driven approaches that can 

enhance diagnostic accuracy, reduce variability, and provide more objective 

assessments of heart valve disease. 

4.2 Machine Learning Techniques  

Several studies employ classical machine learning algorithms to analyze heart sounds, 

echocardiograms, and other physiological signals. 

Das et al. (2022) [2] propose a feature-fusion-based hierarchical LSTM network for 

detecting heart valve diseases. The methodology involves extracting handcrafted 

features from phonocardiogram (PCG) signals and echocardiograms, which are then 

fused at different stages of the classification pipeline. The hierarchical LSTM network 

enhances the temporal modeling of sequential biomedical data, leading to improved 

classification accuracy. Their study demonstrates that integrating domain-specific 

feature extraction with deep recurrent networks improves disease classification over 

traditional methods. 

Morshed et al. (2022) [5] introduce a probabilistic density function (PDF) modeling 

approach for detecting heart valve disorders from PCG signals. Their method captures 

the variation in formant frequencies, which are crucial acoustic features representing 

different heart sounds. By constructing a statistical model of these variations, their 

approach effectively discriminates between normal and pathological cases. This 

method is particularly beneficial for capturing subtle changes in heart sound patterns, 

leading to enhanced sensitivity and specificity in heart valve disease classification. 

Bhardwaj et al. (2023) [9] focus on developing an interpretable machine learning 

framework for classifying valvular heart diseases using PCG signals. They 

incorporate feature importance analysis and visualization techniques such as SHAP 

(Shapley Additive Explanations) values to enhance model interpretability. By making 

the decision-making process of the model transparent, clinicians can better trust and 
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validate automated predictions. Their approach demonstrates that explainable AI 

techniques can significantly improve the adoption of ML-based diagnostic tools in 

clinical practice. 

4.3 Deep Learning Techniques  

Deep learning has provided significant breakthroughs in automated heart valve 

disease detection, leveraging CNNs, LSTMs, and attention mechanisms. 

Das et al. (2023) [1] introduce an attention-based hierarchical LSTM model for 

improved heart valve disease classification. The model integrates an attention 

mechanism that enhances the feature extraction  

process from time-series heart sound signals. The hierarchical structure allows for the 

effective capture of both short-term and long-term dependencies in phonocardiogram 

(PCG) signals, improving classification accuracy. Their experimental results indicate 

that the attention-enhanced LSTM significantly outperforms conventional LSTM 

models. 

Morshed et al. (2023) [3] propose SAR-CardioNet, a deep learning architecture that 

leverages self-attention with residual paths for PCG-based heart valve disease 

classification. The model employs split-self attention, which effectively isolates 

relevant heart sound features while minimizing noise. Residual paths enhance 

gradient flow, improving training efficiency. Their study demonstrates superior 

performance in classifying heart valve disorders compared to traditional convolutional 

neural networks (CNNs). 

Shuvo et al. (2021) [6] develop CardioXNet, a lightweight deep learning framework 

optimized for real-time classification of heart sound recordings. The model employs 

depthwise separable convolutions to reduce computational complexity while 

maintaining high classification accuracy. This approach makes CardioXNet 

particularly suitable for deployment in portable and wearable heart monitoring 

devices. 

Nurmaini et al. (2020) [4] apply deep instance segmentation techniques for detecting 

septal defects using fetal ultrasonography images. The proposed model employs a 

combination of fully convolutional networks (FCNs) and region-based segmentation 

to accurately classify congenital heart defects. Their findings highlight the efficacy of 

deep learning in automating complex biomedical image analysis tasks. 

Alkhodari et al. (2024) [11] integrate transformers and attention mechanisms to 

analyze phonocardiogram signals for congenital valvular murmur identification. The 

transformer-based approach effectively captures long-range dependencies within heart 

sound sequences, allowing for improved classification of complex murmurs. The 

study demonstrates that attention-enhanced models can achieve superior accuracy 

compared to conventional recurrent neural networks (RNNs). 

Andreassen et al. (2022) [12]  introduce a periodic 3D CNN-based model for mitral 

annulus segmentation in transesophageal echocardiography (TEE) images. The 
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periodic nature of the CNN architecture allows for effective feature extraction from 

volumetric echocardiographic data, improving anatomical segmentation accuracy. 

This method provides a robust alternative to traditional numerical modeling 

techniques for hemodynamic analysis. 

Allan et al. (2017) [14] propose a deep learning framework for simultaneous analysis 

of 2D echocardiographic views, facilitating left atrial segmentation and disease 

detection. Their model employs multi-view convolutional networks, integrating 

spatial features from multiple imaging angles to improve diagnostic accuracy. 

Ahmadi et al. (2024) [16] utilize transformer-based spatio-temporal analysis for 

classifying aortic stenosis severity. The model captures spatial relationships in 

echocardiographic sequences while learning temporal progression patterns, leading to 

more accurate severity estimation. Their study highlights the potential of transformer 

models in echocardiographic video analysis. 

4.4 Signal Processing Approaches  

Signal processing remains a cornerstone in biomedical signal analysis, enabling 

enhanced feature extraction and noise reduction. Stationary Wavelet Transform for 

Feature Extraction (Das et al., 2023) [1] Employs wavelet transforms in conjunction 

with deep learning to enhance feature extraction and classification accuracy. 

PDF-Based Analysis of Formant Variations (Morshed et al., 2022) [5] Introduces 

probabilistic modeling techniques to analyze formant variations in phonocardiograms, 

enabling improved interpretation. Microphone-Based Valvular Disease Detection 

(Shokouhmand et al., 2023) [8] Leverages image-to-sequence translation of contact 

microphone recordings, providing an innovative approach to heart sound analysis. 

5 Comparative Analysis 

The methodologies reviewed were compared based on several key criteria, including 

data sources, feature extraction methods, model performance, and computational 

complexity. Different types of data were utilized, including PCG signals, which are 

particularly effective for murmur detection and severity classification, and 

echocardiography images, which provide valuable insights into the structural and 

functional assessment of heart valves.  

In terms of feature engineering vs. end-to-end learning, traditional machine learning 

models rely on manual feature extraction from PCG signals or echocardiography 

images, which requires domain expertise and can be time-consuming. In contrast, 

deep learning models automatically learn hierarchical representations, reducing the 

need for human intervention. Additionally, hybrid approaches that combine 

handcrafted features with deep learning architectures have been proposed to enhance 

model performance. 

Model performance was assessed based on various metrics, including accuracy, where 

deep learning models typically outperform traditional machine learning approaches. 
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Transformer-based models improve sensitivity and specificity, making them 

particularly effective in detecting subtle abnormalities.  

Computational complexity is another important factor influencing the practicality of 

different models. Lightweight models, such as CardioXNet, are optimized for real-

time applications and can operate efficiently on resource-constrained devices. On the 

other hand, computationally intensive models, particularly transformer-based 

architectures for echocardiography analysis, require high-performance GPUs to 

process complex feature representations. Balancing performance with computational 

efficiency remains a key challenge in heart valve disease detection models. 

6 Challenges 

AI-driven approaches for heart valve disease (HVD) diagnosis have made significant 

advancements, yet several challenges and research gaps remain that hinder their 

widespread clinical adoption. These challenges span data quality, model 

interpretability, computational complexity, and integration with clinical workflows. 

One of the primary concerns is data quality and availability. High-quality, large-scale 

annotated datasets for HVD diagnosis are scarce, with many existing datasets being 

proprietary, which limits accessibility for research and development. Furthermore, 

heart valve diseases often exhibit class imbalances, where certain conditions, such as 

aortic stenosis, are overrepresented, leading to biased model performance. The 

integration of multimodal data, including echocardiograms, PCG signals, and 

biomarkers, presents additional challenges due to variations in data formats, 

acquisition techniques, and temporal alignment issues. 

Another major challenge is model interpretability and clinical trust. Many deep 

learning models operate as black-box systems, making it difficult for clinicians to 

understand and trust AI-driven diagnoses. Regulatory bodies emphasize the need for 

explainable AI (XAI) techniques to justify model decisions, but current approaches 

for HVD diagnosis provide limited insights. Additionally, AI models must integrate 

seamlessly into clinical decision support systems by offering actionable insights that 

align with existing diagnostic workflows rather than merely outputting predictions. 

Computational complexity and real-time processing also pose significant challenges. 

Transformer-based and attention-driven architectures require substantial 

computational resources, which can hinder deployment in resource-constrained 

settings. Many existing models lack real-time efficiency, a crucial factor for point-of-

care applications where rapid processing of heart sound signals and echocardiograms 

is essential. 

Ensuring generalization and robustness of AI models remains a critical issue. AI 

models trained on specific datasets often struggle to generalize across different 

populations, hospitals, and imaging devices. Additionally, noise and artifacts present 

in PCG signals and echocardiographic images can mislead AI models, reducing 

diagnostic accuracy. Physiological variations, such as differences in age, sex, and 

comorbidities, further affect the consistency of AI-driven diagnosis, necessitating 

robust model adaptation techniques. 
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Ethical, regulatory, and deployment challenges further complicate the adoption of AI 

in HVD diagnosis. AI models must comply with stringent regulatory frameworks, 

such as FDA approval and CE marking, which can slow down the adoption process. 

Data privacy concerns arise when sharing medical data for model  

training, raising questions about patient confidentiality and data security. Moreover, 

many healthcare providers lack the necessary infrastructure and training to effectively 

deploy AI-driven diagnostic tools, creating additional barriers to clinical adoption. 

Addressing these challenges requires focused research efforts on developing larger, 

standardized multimodal datasets, enhancing model interpretability through 

explainable AI techniques, optimizing computational efficiency for real-time 

diagnosis, improving model generalization through domain adaptation and transfer 

learning, and designing AI systems that meet ethical and regulatory standards. By 

overcoming these gaps, AI-driven heart valve disease diagnosis can move closer to 

reliable clinical implementation, ultimately improving patient outcomes. 

7 Future Directions for Research 

Future research should focus on preparing larger, standardized multimodal datasets to 

improve model training and validation. Establishing publicly available, high-quality 

datasets with diverse patient populations can enhance model robustness and facilitate 

generalization across different clinical settings. Additionally, enhancing model 

interpretability by integrating explainable AI (XAI) techniques is crucial for gaining 

clinician trust and regulatory approval. By implementing attention visualization, 

feature attribution, and decision justification methods, AI-driven diagnosis can 

become more transparent and clinically relevant. 

Optimizing computational efficiency for real-time diagnosis in clinical settings is 

another critical research direction. Lightweight deep learning models, hardware 

acceleration techniques, and edge computing solutions should be explored to enable 

rapid and accurate disease detection in resource-constrained environments. 

Furthermore, improving model generalization through domain adaptation and transfer 

learning will help AI systems perform reliably across different imaging modalities, 

hospitals, and patient demographics. Techniques such as adversarial training and 

federated learning can address variations in data distributions, enhancing the 

robustness of AI models. 

Addressing ethical and regulatory concerns is also vital in ensuring the successful 

deployment of AI-driven diagnostic tools. Future research should focus on designing 

transparent and compliant AI systems that align with medical regulations, prioritize 

patient data privacy, and incorporate fairness measures to prevent biases in disease 

prediction. By tackling these challenges, AI-driven heart valve disease diagnosis can 

advance towards reliable clinical implementation, ultimately improving patient 

outcomes by enabling early detection, accurate risk assessment, and personalized 

treatment strategies. 
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8 Conclusion 

The application of AI in heart valve disease diagnosis has demonstrated significant 

potential in improving accuracy, speed, and accessibility of detection. Multimodal 

learning strategies integrating imaging, signal processing, and clinical biomarkers 

provide a holistic approach to disease assessment. However, challenges related to data 

availability, interpretability, and clinical validation remain barriers to widespread 

adoption. Future research should focus on developing clinically validated, transparent, 

and efficient AI models that align with real-world medical needs. 
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