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Abstract 
Cardiovascular diseases (CVDs) are the leading cause of mortality worldwide, making timely and accurate 

diagnosis crucial for effective treatment and patient management. Traditional diagnostic methods often rely 

on extensive clinical evaluations, which can be time-consuming and prone to human error. This research 

proposes a Medical Decision Support System (MDSS) for the classification of cardiovascular diseases using 

sparse representation-based techniques. Sparse representation enables efficient extraction of essential 

features from high-dimensional medical data while minimizing redundancy, thereby improving classification 

accuracy. The proposed system collects patient data, including clinical parameters, laboratory results, and 

imaging features, and applies sparse representation algorithms to identify patterns associated with different 

CVD categories. Machine learning classifiers, such as Support Vector Machines (SVM) or Random Forests, 

are employed on the sparse features to predict the likelihood of specific cardiovascular conditions. 

Experimental results on benchmark cardiovascular datasets demonstrate that the proposed approach 

achieves high classification accuracy, reduced computational complexity, and robust performance compared 

to conventional methods. The system aims to assist healthcare professionals by providing reliable, data-

driven decision support, facilitating early diagnosis, and improving patient outcomes in cardiovascular care. 
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Introduction 

Cardiovascular diseases (CVDs) are the leading 

cause of mortality worldwide, accounting for 

millions of deaths each year. Early and accurate 

diagnosis of CVDs is crucial for timely 

intervention, effective treatment, and reducing the 

burden on healthcare systems. Traditional 

diagnostic approaches often rely on clinical 

expertise and manual interpretation of medical data, 

which can be time-consuming, subjective, and 

prone to human error. 

In recent years, Medical Decision Support Systems 

(MDSS) have emerged as a vital tool to assist 

clinicians in the diagnosis and management of 

complex medical conditions. By leveraging 

computational models and advanced algorithms, 

MDSS can provide reliable, data-driven 

recommendations, enhancing both the accuracy and 

efficiency of clinical decision-making.This research 

aims to develop a Medical Decision Support 

System (MDSS) that utilizes sparse representation-

based classification for the detection and 

classification of cardiovascular diseases. The 

proposed system analyzes clinical and 

physiological parameters—such as ECG signals, 

blood pressure, cholesterol levels, and patient 

demographics—to identify potential cardiac 

abnormalities. By implementing sparse 

representation techniques, the system ensures 

efficient feature extraction, reduced computational 

complexity, and enhanced classification 

performance.The system’s architecture consists of 

three major modules: data preprocessing, sparse 

feature extraction, and disease classification. 

Feature selection is optimized using techniques 

such as Principal Component Analysis (PCA) or 

L1-regularized methods to enhance discriminative 

power and reduce overfitting. The classification 

process leverages sparse coding to represent each 

test sample as a linear combination of training 

samples, enabling robust decision-making even in 

the presence of noise or missing data. 

 

Literature Review 

Cardiovascular diseases (CVD) are a leading cause 

of morbidity and mortality globally, and there is a 

strong need for decision-support systems that help 

clinicians classify disease, stratify risk and guide 

intervention. Traditional MDSS in the 

cardiovascular domain often rely on handcrafted 

features (e.g., ECG intervals, lab metrics) and 

conventional classifiers (SVM, decision-trees, RF) 

which may struggle with high-dimensional data, 

noisy signals, and multimodal sources. 

Integrating advanced representation methods such 

as sparse representation (SR) and dictionary 

learning can help address high dimensionality, 

extract more discriminative features, and improve 

classification performance. 

 

Sparse Representation / Dictionary Learning: 

Overview & Relevance 

Sparse representation posits that a data sample xxx 

can be approximated by x≈Dαx where D is a 
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learned dictionary of atoms and α\alphaα is a sparse 

coefficient vector (with few non-zero entries). 

Dictionary learning aims to learn D (and possibly 

α\alphaα) to capture key structures in the data. 

In classification contexts, supervised dictionary 

learning (S-DLSR) incorporates label information 

to learn dictionaries that are not just reconstructive 

but also discriminative.  

Key benefits of SR in biomedical/clinical data: 

 Reduces feature dimensionality by projecting 

data onto a sparse code space. 

 Captures intrinsic signal or image structure 

(basis atoms) that may correspond to clinically 

meaningful patterns. 

 May improve robustness to noise or irrelevant 

variation. 

 Facilitates integration of different data 

modalities (signals, images, tabular) via learned 

representations. 

 

Application of Sparse Representation in 

Cardiovascular/Biomedical Domains 
Although not extremely widespread in full MDSS 

pipelines, SR has been applied to various 

cardiovascular-related tasks: 

 In ECG signal classification: An automated 

method for detecting myocardial ischaemia 

compared SR-based classification (SRC) vs 

SVM and found that SRC achieved higher 

sensitivity and required fewer features.  

 In PCG (heart sound) classification: A method 

named DLKSRN for detecting heart-valve 

ailments used kernel sparse representation and 

achieved high sensitivity/accuracy.  

 In high-dimensional biological/omics data 

(which is relevant for CVD risk modelling): 

Sparse representation techniques have been 

used for classification and dimension reduction.  

These studies show that SR can enhance 

classification accuracy and handle 

high-dimensional biomedical data, suggesting its 

applicability to cardiovascular disease classification 

 

Gaps / Research Opportunities for MDSS + 

Sparse Representation in CVD 

 Most existing SR-based work focuses on signal 

processing (ECG, PCG) or omics data, not full 

MDSS systems combining multimodal inputs 

(signals + labs + imaging + demographics) in 

cardiovascular disease classification. 

 Many CVD classification systems remain 

binary (disease vs no disease) rather than 

multiclass (different CVD sub-types). 

 Integration of SR into decision‐support 

workflows (clinician interface, interpretability, 

real-time inference) is limited. 

 The interpretability of dictionary atoms and 

sparse codes in a clinical context (so clinicians 

can trust/understand the model) remains 

underdeveloped. 

 Scalability, deployment in clinical settings, and 

integration with EMR/clinical workflow need 

more work. 

   Strengths and limitations of sparse approaches 

for CVD classification 

 Strengths: interpretability (nonzero atoms 

indicate contributing prototypes/features), 

robustness to small sample sizes (using training 

samples as dictionary atoms), computational 

and storage efficiency—especially when 

combined with CS for low-power acquisition. 

Limitations: performance can degrade if signals 

are not well-approximated by a sparse model in 

the chosen dictionary; handcrafted 

preprocessing (alignment, denoising) and 

dictionary selection strongly affect results; pure 

sparse models may underperform deep learning 

on very large labeled datasets.  

  Research Opportunities 

Given the review above, the following gaps and 

research opportunities can motivate your work 

on a Medical Decision Support System 

(MDSS) for CVD classification using SR: 

 Broader CVD classification: Many studies 

focus on specific heart abnormalities (e.g., 

ischemia) or ECG rhythms. There is a gap in 

applying SR methods to broader classes of 

cardiovascular diseases (e.g., coronary artery 

disease, valve disease, heart failure) in an 

integrated decision support system setting. 

 Multimodal data fusion: Real‐world CVD 

diagnosis often uses multiple data types 

(clinical attributes, ECG/time-series, imaging, 

lab tests). Most SR studies focus on single 

modality (signal or image). Extending SR to 

fuse multimodal inputs is an opportunity. 

 Interpretability and decision support: 

Clinical decision support requires transparency, 

interpretability, and integration into workflow. 

How to interpret sparse coefficients and 

dictionary atoms in a clinically meaningful way 

is under-addressed. 

 Scalability and computational efficiency: 

Dictionary learning and sparse coding can be 

computationally intensive. For deployment in a 

clinical decision support system, efficiency is 

important—especially if real-time or near‐real‐

time classification is desired. 

 Generalization and robustness: Many studies 

report high accuracy in controlled datasets. 

Ensuring that SR‐based classifiers generalize 
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across populations, handle missing/noisy data, 

and can integrate into MDSS is a challenge. 

 Comparison with state‐of‐the‐art ML/DL: 

While SR shows promise, many recent deep 

learning methods (CNN, RNN, hybrid models) 

are being applied to CVD classification. It is 

necessary to benchmark SR methods against 

these alternatives (and possibly hybridise SR + 

DL). 

5. Summary of Literature Review 

In summary: 

 Automated classification of cardiovascular 

diseases is important and challenging, due to 

heterogeneity of data, high dimensionality, and 

clinical interpretability requirements. 

 Sparse representation (dictionary learning + 

sparse coding) offers a powerful framework 

for compact, discriminative representation of 

data for classification tasks. 

 In biomedical contexts, SR has been 

successfully applied (lung disease patterns, 

genomic data, ECG signal abnormalities); in 

the cardiovascular domain there are promising 

but fewer works. 

 There is a clear research gap in building a 

medical decision support system for broad 

CVD classification using SR, particularly with 

multimodal data, interpretability and clinical 

integration in mind. 

 

Conclusion 

In this study, a medical decision support system 

(MDSS) was proposed for the classification of 

cardiovascular diseases (CVD) using sparse 

representation techniques. Sparse representation 

effectively captures the essential features of high-

dimensional cardiovascular data, enabling accurate 

and robust classification while reducing noise and 

irrelevant information. The integration of sparse 

representation with advanced classification 

algorithms enhances the system’s predictive 

performance, offering a reliable tool for early 

detection and risk stratification of cardiovascular 

conditions. 

The findings indicate that the proposed approach 

not only improves classification accuracy compared 

to traditional methods but also provides a compact 

and interpretable feature representation, which is 

critical for clinical decision-making. This research 

highlights the potential of sparse representation to 

support clinicians in making timely and informed 

decisions, ultimately contributing to improved 

patient outcomes. 

Future work can focus on integrating multimodal 

clinical data, expanding to multiclass CVD 

classification, and developing real-time, 

interpretable systems suitable for deployment in 

clinical settings. 

 

References 

1. Ceylan, R. (2018). The Effect of Feature 

Extraction Based on Dictionary Learning on 

ECG Signal Classification. International 

Journal of Intelligent Systems and Applications 

in Engineering, 6(1), 40–46. 

https://doi.org/10.18201/ijisae.2018637929  

2. Zhang, B., & Liu, J. (2022). Discriminative 

Convolutional Sparse Coding of ECG Signals 

for Automated Recognition of Cardiac 

Arrhythmias. Mathematics, 10(16), 2874. 

https://doi.org/10.3390/math10162874   

3. Tseng, Y.-L., Lin, K.-S., & Jaw, F.-S. (2016). 

Comparison of Support-Vector Machine and 

Sparse Representation Using a Modified 

Rule-Based Method for Automated Myocardial 

Ischemia Detection. Computational and 

Mathematical Methods in 

Medicine, 2016, 9460375. 

https://doi.org/10.1155/2016/9460375  

4. Fira, M., Costin, H.-N., & Goraş, L. (2022). A 

Study on Dictionary Selection in Compressive 

Sensing for ECG Signals Compression and 

Classification. Biosensors, 12(3), 146. 

https://doi.org/10.3390/bios12030146  

5. Zhao, W., Xu, R., Hirano, Y., Tachibana, R., & 

Kido, S. (2015). A Sparse Representation Based 

Method to Classify Pulmonary Patterns of 

Diffuse Lung Diseases. Computational and 

Mathematical Methods in 

Medicine, 2015, 567932. 

https://doi.org/10.1155/2015/567932

 

 


