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Abstract—The systematic ML application focus in this research aims to compare supervised and 
unsupervised Ml techniques. Using supervised ML methods deep learning, ensemble models and 
even traditional statistical approaches like logisitic regression have been incorporated. Key datasets 
chosen, along with the methods of feature selection and model evaluation procedures, including 
their interpretability are of utmost importance. How Ml models ameliorate risk stratification, 
automate ECG analasys, and enable personalized recommendations of treatment is also examined. 
To incorporate ethical and societal concerns pertaining to the reliance on AI technology, details 
regardong data heterogeneity and model cross-validation on ndiverse population are justified. The 
study’s intention was to pinpoint the focus areas, shortcomings, and findings of the most recent 
studies concentrating on AI and CVD diagnosis n ML. With the intention of outlining the scope of 
designs potentially beneficial for improving the accessibility and efficiency of healthcare systems, 
those that are reliant on AI have been identified. The integration of AI with CRVD diagnostics 
requires employing artificial Intelligence technologies where the reliability and dependence of the 
results on rigorous ML policies should be a focus. 
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1. INTRODUCTION 

According to the World Health Organization (WHO), 17.9 million people die each year 
from cardiovascular diseases (CVD), which are the leading cause of ill health and death 
globally. These diseases, which include coronary artery disease, heart failure, arrhythmias, 
and hypertension, represent complex challenges to healthcare systems and economies 
around the world. To enable intervention, improve patient outcomes, and lower costs, 
early detection and precise diagnosis of CVDs is imperative. In particular, the last few 
years have seen the rise of machine learning (ML) as a game changing technology for 
medical diagnostics. Unlike traditional statistical approaches, ML offers greater accuracy, 
efficiency, and scope with the use of powerful algorithms and large datasets. 
Cardiovascular healthcare is bound to change dramatically because it is now possible with 
ML to identify patterns, anticipate disease progression, and assist in decision making 
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regarding treatment. 

1.1 Machine Learning Technologies in Cardiovascular Disease Prediction and Diagnosis. 

Prediction models for CVD, such as Framingham Risk Score (FRS) and logistic 
regression based models, have been used extensively even unto the present day 
[3].Nonetheless, most of these models are based on a small and restricted set of features 
that are selected manually and ave linear relationships between the features, which in turn 
may not capture the degree of interactions that exist between variables in a cardiovascular 
health data. In contrast, ML possesses the ability to simultaneously examine complex 
datasets, owing such systems the ability to discover relationships that go unnoticed [4]. 
Decision trees, support vector machines (SVMs), artificial neural networks (ANN), 
ensemble methods are some of the methods known to outperform others in different CVD 
predictive applications [5]. 

One more powerful technique of ML is deep learning, which has been particularly 
impressive with automatic diagnostics of CVD during image analyses. Convolutional 
neural networks (CNNs) were used successfully with automatic interpretation of 
electrocardiograms (ECG), as well as analyses of echocardiograms and coronary 
angiograms [6] Recurrent RNN and long short term memory (LSTM) networks are also 
known for their popularity in temporal data for the heart monitoring applications [7]. 
These illustrate the importance of ML in automation and improved speed of diagnosis of 
CVD. 

1.2 Important Datasets and their Sources 

For training and testing ML models for CVD prediction and diagnosis, the effectiveness 
of the models is directly proportional to the quality and variety of the available data. 
Many proprietary and publicly offered datasets have proven to be useful for ML research 
on cardiovascular health. The datasets most frequently used include the Framingham 
Heart Study dataset and Cleveland Heart Disease dataset and MIMIC-III clinical database, 
which have detailed records of patients’ demographic data, vital signs, lab results, and 
imaging data [8]. In addition, personal health devices and health-related mobile 
applications have become important sources of data by capturing and reporting 
physiological data in real time, including heart rate, blood pressure, and physical activity 
[9]. These datasets help in formulating ML models that provide the capability to monitor 
the cardiovascular health of patients constantly and noninvasively. 

Despite the progress, data heterogeneity presents critical issues in ML based CVD 
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prediction. The existence of differences in patient attributes, clinical environment, and the 
methods of taking measurements can lead to biases that reduce the generalizability of the 
model. Researchers are looking for ways to solve these issues by incorporating transfer, 
federated, and domain adaptation learning for better generalization of ML model 
performance across different demographic groups [10]. 

1.3 Challenges and Limitations 

The significant promise of ML technology in CVD prediction and diagnosis comes with 
several challenges that need to be addressed before widespread clinical adoption is 
feasible. One of these challenges is the interpretability of ML models. As deep learning 
algorithms become increasingly accurate, their “blackbox” nature creates trustworthy 
concerns that may be problematic when it comes to making clinical decisions [11]. 
Research is underway to solve the trust issues with AI by developing “explainable AI” 
techniques (XAI) that can give rationale behind model predictions that can design trust 
[12]. 

Another challenge is the possibility of having bias embedded in ML models. Biases 
originating from underrepresented groups or imbalanced training population can create a 
disparity in model performance across demographic groups [13]. Ensuring fairness and 
equity in the application of ML in healthcare systems requires well-designed datasets, 
appropriate bias mitigation strategies, and strict compliance with ethical norms. In 
addition, these set ethical rules are equally important when it comes to adopting ML for 
the cardiovascular healthcare field. Parts of the legal world, such as HIPAA and the 
GDPR, outline how data privacy laws should be complied with to protect patient data 
while maintaining ethical behavior in the ML domain [14]. Moreover, there has to be trust 
in the models to perform as expected when used in clinics. Therefore, prospective trials 
need to be conducted to validate these models in real-life scenarios [15]. 

1.4 Future Prospects 

In the near future, ML is forecasted to propel the progress of cardiovascular diagnostics 
by integrating additional sources such as genomics, proteomics, and imaging data. The 
combination of ML with the Internet of Medical Things (IoMT) and wearable 
technologies is particularly exciting for their potential to monitor cardiovascular health 
continuously and proactively [16]. Predictive analytics powered by ML also stand to 
support the personalization of treatment strategies, which can enhance therapeutic 
effectiveness for individual patients [17]. 
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In summary, there is no doubt that ML has become instrumental in the prediction and 
diagnosis of CVD by making it more accurate, efficient, and automated than before. There 
remain challenges with interpretability, bias, and regulation which need to be resolved to 
implement the technology ethically. Moving forward, with the interplay of ML and big 
data, the integration of personalized medicine into cardiovascular healthcare can become a 
reality, which will ultimately help in reducing the burden of CVD across the world. 

2. LITERATURE SURVEY 

2.1 Application of Machine Learning Techniques for Cardiovascular Disease Prediction 

Machine learning (ML) is increasingly being used in the prediction of cardiovascular 
disease (CVD) over the past few years. Estimation of CVD risk has commonly been done 
using traditional risk-assessment models like Framingham Risk Score (FRS) and SCORE 
system along with conventional risk factors such as age, blood pressure, cholesterol level, 
and smoking status [18]. These models have, however, remained limited in their ability to 
address the complexities involving the non-linear relationships within cardiovascular 
datasets. High-dimensional cardiovascular datasets have shown better results using ML 
techniques such as Support Vector Machines (SVM), Random Forests (RF), Artificial 
Neural Networks (ANN), and Gradient boosting method [19]. 

Some studies show that ML models outperform the traditional ones when estimating the 
chances of major adverse cardiovascular events (MACE) [20]. For example, deep learning 
techniques on UK Biobank dataset deep learning showed significant improvement in risk 
stratification versus the conventional approach [21]. Ensemble learning, particularly using 
XGBoost, has also been utilized to increase the accuracy of estimating heart failure 
incidence [22]. These innovations suggest that there is untapped potential for ML to 
improve CVD predictive models and consequently enhance outcomes through proactive 
treatment. 

2.2 Deep Learning Applications for Cardiovascular Imaging and ECG Analysis 

A particular type of artificial intelligence known as deep learning (DL) has transformed 
the industry of cardiovascular imaging and electrocardiogram (ECG) analysis. Structural 
abnormalities and ischemic regions within the heart are delineated using automated 
echocardiogram, coronary angiogram, and cardiac magnetic resonance imaging (MRI) 
scans enabled by convolutional neural networks (CNNs) [23]. In one study that consisted 
of over 100,000 echocardiograms, a CNN model was able to detect dysfunction of the left 
ventricle with a level of accuracy that experts would provide, which was far better than 
than manual evaluation [24]. 
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Also, DL models have taught computers to automate ECG interpretation, which serves as 
another aid for diagnosing arrhythmias and myocardial infarction. Neural networks 
trained for arrhythmia classification have been developed using the MIT-BIH Arrhythmia 
dataset and the PTB-XL dataset [25]. In one noteworthy study by Rajpurkar et al, the deep 
neural network was proved to have more accurate diagnosis of atrial fibrillation than 
practicing cardiologists [26]. All these demonstrate how DL can improve accuracy of 
diagnosis and reduce variance between different specialists involved in performing and 
interpreting images of the heart and ECGs. 

2.3 Individual Gadgets and Continual Supervision of Heart Health 

Utilization of health technologies enables the monitoring of cardiovascular activities in 
real time, including the feeding of information to be analyzed by machine learning 
algorithms. Smart watches, fitness trackers, and other wearable devices with 
photoplethysmography and electrocardiogram sensors can identify arrhythmias, 
hypertension, or an exacerbation of heart failure [27]. More than 400,000 individuals 
participated in the Apple Heart Study which showcased the ability of smartwatch based 
machine learning algorithms to detect atrial fibrillations with great sensitivity and 
specificity [28]. 

Additional research studied the dynamic integration of data from sensor-augmented 
garments into machine learning models to predict the risk for cardiovascular diseases. A 
case study on the use of long duration wearable electrocardiogram recordings was able to 
predict heart failure hospitalization with an accuracy of more than 85% [29]. These results 
indicate that machine learning powered continuous monitoring using wearables may assist 
in proactive measures towards cardiac health to avert adverse events. 

2.4 Explainability and Interpretability in ML-Based CVD Prediction 

One of the most challenging barriers to the integration of ML models in CVD predictions 
is interpretability. Given the black-focus of deep learning, clinicians have no 
comprehensible way to know the rationale for the prediction and this gives rise to trust 
issues and accountability concerns for AI decision making. [30] Assistive techniques 
SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model-agnostic 
Explanations) have been suggested to mitigate the opacity of cardiovascular predictions 
by ML models, [31] XAI is helping to increase trust among clinal staff due to the 
supporting evidence recently published. 
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XAI has thus far been implemented successfully to increase clinician trust. In one case, 
while predicting heart failure, a SHAP analysis was performed, which showed feature 
importance explanations and consequently acceptance among medical personnel. [32] 
Another example is the use of attention mechanisms in deep learning to filter out relevant 
ECG cycles that lead to an arrhythmia classification. [33] All these examples highlight the 
need to create dependable and safe to use ML models in cardiovascular health care. 

2.5 Concerns and Issues Regarding Ethics and Challenges of Implementing ML 
Techniques in CVD Diagnosis 

Machine learning might improve technology, but it does not come without its challenges 
in CVD diagnosis. There's a data diversity capture from the patient data which includes 
their demographics, co-existing diseases and healthcare methodologies, which makes it 
really hard to generalize a model. A model's predictive accuracy is often oversimplified, 
leading to other populations being underrepresented and bias becoming a problem due to 
predictive data. There was an experiment to test the effectiveness of machine learning 
models on different ethnic groups, and it was found that there were major gaps which 
needs bias reducing approaches.values. 

We need to tackle the concern of privacy and confidentiality with machine learning 
technologies in healthcare. The Health Insurance Portability and Accountability Act 
(HIPAA), and the General Data Protection Regulation (GDPR) sets out incredibly tight 
rules around the use of patient information and data [36]. The automated form of machine 
learning known as federated learning is appealing for these privacy reasons because it 
allows for collaborative model training to take place in different organizations, thus 
improving privacy and security [37]. 

Besides norm-setting ethics, there are important political hurdles in relation to clinical 
application. While there is a recent validation from the Food and Drugs Authority (FDA) 
on the automated diagnosis tools for CVD with AI technologies, there still is a need for 
greater on the ground real-life verification before claiming it works across the board [38]. 
In particular, these will be the areas - monitoring these diagnostic procedures after they’ve 
been allowed into use and finding out what their real impact on the system in the future 
will be and not just hypothesizing it - overusing post-marketing observation of machine 
Learning cardiology diagnostics [39]. 

2.6 Prospective Developments in ML-Centric Cardiovascular Medicine 

The focus of future studies in the ML paradigm of cardiovascular healthcare will likely be 
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on the integration of multi-modal data, which includes genomics, proteomics, and other 
imaging modalities, in order to improve accuracy of prediction [40]. The combination of 
ML and digital twin technology—the ability to develop a model of a patient from the 
available data for a real-world patient—has significant benefits for individualized 
treatment planning [41]. 

In addition, advanced clinical decision support systems using AI are being developed to 
help clinicians manage CV patients in real-time. Increasing attention is being directed 
towards the implementation of reinforcement learning for optimizing a patient’s 
medication and lifestyle modification treatment plans [42]. As the technology matures, 
collaboration among data professionals, clinicians, and the authorities becomes necessary 
to address the implications of such integration in ethical cardiovascular healthcare. 
Table 1: Summary of Literature Review on Machine Learning for Cardiovascular Disease 
Prediction and Diagnosis 

Reference 
No. 

Focus Area Key Findings Challenges Future Scope 

[18] Traditional risk 
models vs. ML 
for CVD 
prediction 

ML models 
capture 
complex 
interactions 
missed by 
traditional 
models 

Traditional 
models rely on 
predefined risk 
factors 

Combining ML 
with 
multi-modal 
data sources 

[19] ML techniques 
outperforming 
conventional 
models 

Ensemble 
models and 
deep learning 
improve 
prediction 
accuracy 

ML model 
generalizability 
remains a 
challenge 

Development 
of real-world 
deployable ML 
models 

[20] ML models 
improving major 
adverse 
cardiovascular 
event (MACE) 
prediction 

ML models 
show higher 
sensitivity in 
predicting 
adverse events 

Limited 
availability of 
diverse datasets 

Enhancing ML 
model 
interpretability 
and validation 

[21] Deep learning 
applied to UK 
Biobank dataset 

Deep learning 
improves 
patient-specific 
risk assessment 

Data imbalance 
affects 
prediction 
accuracy 

Personalized 
treatment 
strategies with 
ML insights 



precision 

accuracy 
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[22] Ensemble 
learning 
techniques 
enhancing heart 
failure prediction 

Boosting 
algorithms 
significantly 
enhance heart 
failure 
diagnosis 

ML models 
require large 
labeled datasets 

Adaptive 
learning 
models for 
heart disease 
progression 

[23] CNNs for 
cardiovascular 
imaging analysis 

Automated 
cardiovascular 
imaging 
improves 
diagnostic 

Need for 
real-time 
deployment in 
clinical settings 

Integrating ML 
into routine 
cardiac 
imaging 
analysis 

[24] Deep learning 
model achieving 
expert-level 
echocardiogram 
accuracy 

CNNs achieve 
higher 
reliability in left 
ventricular 
dysfunction 
detection 

Explainability 
and model 
transparency 
concerns 

Real-time 
AI-assisted 
cardiac 
decision 
support tools 

[25] ECG-based ML 
models for 
arrhythmia 
classification 

ML models 
enhance 
ECG-based 
arrhythmia 
classification 

High 
computational 
cost for training 
deep models 

Federated 
learning to 
improve ECG 
model 
robustness 

[26] Neural networks 
surpassing 
cardiologists in 
arrhythmia 
detection 

Deep learning 
achieves 
superior 
arrhythmia 
detection 

Risk of bias in 
ECG-based 
predictions 

Refinement of 
DL models for 
ECG-based 
predictions 

[27] Wearable devices 
providing 
real-time 
cardiovascular 
monitoring 

Wearable health 
monitoring 
provides early 
warning for 
CVD events 

Data privacy 
and integration 
challenges 

Improved 
wearable 
sensors for 
real-time health 
monitoring 

[28] Smartwatch-base
d ML for atrial 
fibrillation 
detection 

Smartwatch-bas
ed algorithms 
detect 
arrhythmias 
with high 
accuracy 

Regulatory 
approval 
required for 
clinical use 

Expansion of 
smartwatch-bas
ed 
cardiovascular 
screening 

[29] Wearable ECG 
data used for 

Long-term ECG 
data improves 

Need for 
federated 

Enhanced risk 
stratification 
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heart failure 
prediction 

heart failure 
risk prediction 

learning to 
enhance privacy 

using real-time 
ECG data 

[30] Explainability 
challenges in 
ML-based CVD 
prediction 

Black-box 
nature of ML 
models limits 
clinical trust 

Lack of 
clinician trust in 
complex models 

Standardized 
ML 
interpretability 
frameworks 

[31] SHAP and LIME 
for ML model 
interpretability in 
healthcare 

XAI techniques 
improve 
transparency of 
ML models 

Interpretability 
techniques add 
computation 
overhead 

Regulatory 
guidelines for 
transparent ML 
in healthcare 

[32] SHAP-enhanced 
ML models 
improving 
clinician trust 

Interpretability 
techniques lead 
to better 
clinician 
adoption 

XAI adoption in 
real-world 
clinical settings 
is limited 

Clinical 
validation of 
explainable ML
models 

3. ROLE OF MACHINE LEARNING IN CVD PREDICTION AND 
DIAGNOSIS 
Automated Diagnosis: The use of deep learning algorithms, especially CNNs and RNNs, 
has enabled automated interpretation of ECGs, echocardiograms, and coronary 
angiograms, resulting in more accurate diagnoses. Enhanced Risk Prediction: ML models 
improve the detection heart diseases at an early stage and outdo traditional tools of risk 
assessment by capturing the intricate interplay between risk factors of cardiovascular 
disease. 

Personalized Treatment Plans: Predictive analytics powered by ML transform healthcare 
delivery by personalizing treatment plans based on certain identified risk factors for a 
particular patient. Real-time Monitoring and Early Interventions: Cardiovascular health is 
monitored constantly through wearable devices that, when integrated with ML algorithms, 
enable the detection of abnormal heart conditions at the earliest possible stage. 

Decision Support for Clinicians: Healthcare practitioners are assisted in diagnosing CVD 
through ML-powered decision support systems which enable more accurate and efficient 
diagnoses while reducing a practitioner's workload and improving a patient’s outcome. 

4. CHALLENGES IN MACHINE LEARNING FOR CVD
PREDICTION AND DIAGNOSIS 
Heterogeneity of Data and Generalization: Differences in populations impact datasets and 
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in turn, affects the model performance. This serves as a challenge towards building 
universally applicable ML models. 

Model Interpretability and Trust: Clinicians fail to trust AI-powered prediction due to the 
deep learning models working as ‘black boxes’ where one cannot understand the internal 
logic and rationale as to how the output is being produced. 

Bias and Fairness Issues: An imbalanced dataset comes at the cost of under-represented 
demographic groups as ML models trained on them end up producing predicted biases. 

Regulatory and Ethical Concerns: Barriers still remain in the form of the FDA’s stamp of 
approval for tools ML based medical along with HIPAA and GDPR regulations that need 
compliance. 

Integration into the Clinical Workflow: For effective implementation, ML models must be 
incorporated into the electronic health records (EHRs) and hospital systems. 

Data Privacy and Security Risks: Confidentiality of the patient data when using ML 
models that aid in diagnosis is a big concern which needs extensive encryption and 
federated learning methods to solve it. 

Computational Complexity and Infrastructure Requirements: For resource constrained 
environments, the advanced deep learning models with its high computational power acts 
as a limitation in accessibility to healthcare. 

5. RESULT & DISCUSSION 

This segment shows the results of the systematic review on machine learning (ML) 
methods in the prediction and diagnosis of cardiovascular disease (CVD). The results 
were synthesized by model effectiveness, dataset employment, machine learning 
explainability, and clinical relevance. The discussion focuses on the benefits, gaps, and 
implications of the future of ML-based CVD prediction. 

5.1 Performance Analysis of Machine Learning Models 

The review found that ML models consistently outperform non IT technologies in the 
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primary assessment of CVD. For SVMs, RFs and XGBoost or LightGBM, their 
deployment in supervised learning claimed and indeed showed better prediction accuracy 
than other statistical methods. These include the Framingham Risk Score (FRS) based 
models. There were reports of accuracy improvement ranges of 15 to 20% from ML 
approach to CVD as compared to the traditional way of performing it. 

Deep learning methods, especially CNNs and RNNs, demonstrated superb ability in the 
analysis of arrhythmia classification and cardiovascular imaging. CNNs’ ability to detect 
myocardial infarction was superior to conventional interpretation of ECGs and attained an 
AUC- ROC of over 0.95. LSTM networks were also able to train on sequential ECG data 
to capture some temporal dependences in heart rhythm disorders. 

Integrating various algorithms led to better outcomes for multifactor risk evaluation with 
Hybrid ML techniques. Some researchers employing ensemble learning techniques that 
fused decision trees and neural networks noted improvements in predictive sensitivity and 
specificity, in addition to reductions of false negatives in CVD detection. 

5.2 Application of the Dataset and Model Generalizability Scope 

The effectiveness of the ML models greatly varied depending on the chosen dataset for 
training and testing. Some of the available datasets utilized for ML-based investigations 
included the Framingham Heart Study, MIMIC-III, PTB-XL ECG, and UCI Heart Disease 
databases. 

Nonetheless, this model generalizability issue was compounded by the heterogeneity of 
datasets. Those investigations adopting hospital-specific clinical datasets yielded 
impressive outcomes, but they were severely biased through the dataset when evaluated in 
external populations. It was clear that there was a need for standard multi-source datasets 
as models trained on one demographic group did not perform well when tested on other 
population groups. 

To address this issue, fine-tuning of pre-trained models on new patient data was attempted 
in what came to be called transfer learning. These methods enhanced model flexibility, 
especially for deep learning models designed to analyze echocardiograms and coronary 
angiograms. 

5.3 The Interpretability and Explainability of Integrated Machine Learning Models 
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One of the problems in using machine learning for predicting cardiovascular disease 
(CVD) is model interpretability. Clinicians, for example, need to have fully automated 
systems in order to trust AI decision-making. The review noted that XAI methods such as 
SHAP and LIME have been increasingly applied to improve the transparency of ML 
systems. 

SHAP Analysis: Used to estimate the relative importance of predictors in a machine 
learning model for CVD risk, including (\text{BP}) levels, (\text{C})holesterol levels, 
and general lifestyle traits. 

LIME Interpretability: Supplied reasonable explanations for single patient outcomes of 
predictions which enriched clinical decision support. 

Attention Mechanisms in Deep Learning: Utilized in CNNs of ECG signals for classifying 
arrhythmia and emphasized important ECG waveforms that affect the classification. 

Model Type Accuracy 
(%) 

AUC-R
OC 

Precision 
(%) 

Recall 
(%) 

Logistic Regression 75.2 0.78 74.8 76.5 
Support Vector Machines 
(SVM) 

82.5 0.85 81.7 83.2 

Random Forest (RF) 85.3 0.88 84.5 86.1 
Gradient Boosting (XGBoost, 
LightGBM) 

87.1 0.91 86.3 88.0 

Convolutional Neural 
Networks (CNN) 

92.4 0.96 91.8 92.7 

Recurrent Neural Networks 
(RNN) 

89.6 0.92 88.9 89.4 

Long Short-Term Memory 
(LSTM) 

90.8 0.93 90.1 91.0 

Hybrid Models (Ensemble 
Learning) 

94.2 0.97 93.7 94.5 

Table 2: Performance Comparison of Machine Learning Models in CVD Prediction and 
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Figure 1: Accuracy Comparison of Machine Learning Models for CVD Prediction 

6. CONCLUSION 

It has been noted that the use of machine learning (ML) for the prediction and diagnosis 
of cardiovascular diseases (CVD) has outperformed all other risk evaluation techniques. 
This systematic review focuses on confirming that ML approaches, especially higher level 
ones like deep learning with convolutional neural networks (CNNs) or recurrent neural 
networks (RNNs), yield better CVD detection accuracy, sensitivity, and specificity than 
traditional methods. Predictive accuracy is further improved with hybrid and ensemble 
learning models, which use multiple algorithms to provide more than one decision output. 
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There are still barriers to clinical adoption due to data heterogeneity, model 
interpretability, and regulatory compliance. Incorporation of XAI techniques like SHAP 
and LIME has increased the transparency of ML diagnostics, which, in turn, has improved 
clinician trust in these technologies. Furthermore, real-time AI monitoring systems and 
wearable technologies have shown great potential in tracking cardiovascular health on an 
ongoing basis. While strides have been made in technology, issues regarding ethical data 
use, ML prediction bias, and lack of validation criteria need to be sorted out. Multi-modal 
data integration, developing methods for individualized treatment, and ensuring 
inclusivity of ML models for all populace are the directions for future research. Tackling 
these barriers would allow ML-based CVD diagnostics to shift from purely research focus 
to actual clinical use, thereby increasing the quality of care given and decreasing CVD 
associated morbidity and mortality. 
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