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Abstract 

The detection and treatment of heart disorders caused by the impact of COVID-19 are improved by 

intensive work. Mining and recording the data in the medical field provides potential development 

in maintaining patients’ details. This is possible with the convergence of improved technology and 

medical diagnostics models. It is essential to analyze the interconnection of threat factors in the 

patient's clinical history to achieve the respective heart disease diagnosis. A meticulous analysis of 

multiple mechanisms in patient data is used to predict heart disease before COVID-19 infection. The 

main required attributes for detecting cardiac disorders due to COVID-19 are acquired by applying 

the feature selection model. The critical patient history details such as age, smoking habits, physical 

activity, stress levels, gender, previous chest pain occurrences, diabetes, electrocardiogram (ECG) 

readings, dietary patterns, chest pain type, and troponin levels are considered for predicting heart 

disease. Different AI technologies, such as deep neural networks with SVM (𝑑 − 𝑆𝑉𝑀), were used, 

and the results were compared between two datasets from the heart disease database. These 

methodologies are employed to select features from the database and are also employed on all 

features of the data repository. The enhanced accuracy rate of 95% is acquired through our proposed 

model, which uses selected features as input. Early heart disease prediction is achieved through our 

proposed technique's assisting structure. Successful deployment of an AI model as computationally 

intensive as this, from the laboratory setting to real-time actual clinical practice, however, relies on 

an architecture for scalable and fault-tolerant deployment. To this end, we introduce a Cloud 

Computing and Service Deployment paradigm that is specifically tailored for executing the d-SVM 

model. It leverages the cloud's elasticity as well as high availability to deal with fluctuating diagnosis 

loads in healthcare networks. By converting the d-SVM into an Internet-based Service through an 

Application Programming Interface (API), this work maximizes the potential of the model for large-

scale, sustainable, and cost-saving clinical utility. 

Keywords: COVID-19, DNN, Data Mining, SVM, Heart Disease, Cloud Computing, Service 

Deployment. 
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1 Introduction 

Heart disorder is a significant problem due to conditions that disturb the blood capillaries and other 

internal parts of the body, resulting in irregular cardiac function. The amount of oxygen in the lungs is 

reduced by the virus SARS-CoV-2, which affects the respiratory system of humans (Mijwil et al., 2021; 
Abdullah & Ahmed, 2021). This virus can cause some negative functioning of the heart and may also 

lead to heart failure. The growth of abnormal metabolism in lipids, build-up of lipids, athermanous 

plaques, and some other substances inside the path of the circulation track are all symptoms of heart 

disorder (Madjid et al., 2020). A stricture or bowel obstruction can cause oxygen deprivation, tightness 

in the chest, chest discomfort due to necrosis, myocardial infarction, and myocardial ischemia. These 

symptoms can cause heart disorders that are considered a significant factor for death in the present world. 

Approximately 12 million deaths occur due to heart disease across the world each year (Le Glaz et al., 

2021) based on the information provided by the World Health Organisation (WHO). Nearly 8.91 million 

patients lost their lives as a result of 10.6 million infected patients of cardiac heart infection in 2017. 

About 126.5 million patients were infected by coronary heart disease (Dai et al., 2022) in 2017. The 

clinical expenses are predicted to rise from $126.2 billion to $177.5 billion within 2040, estimated as 

41% higher. 

The healthcare industry developments mainly rely on machine learning (ML) applications (Olsen et 

al., 2020). The novel professionals’ tasks (Taleb et al., 2021) using artificial intelligence machine 

learning applications can provide improved precision and efficiency. The issues like congested 

healthcare systems and clinician shortages are handled by utilizing machine learning applications across 

many countries. ML plays a vital role in medicinal field as it is capable to predict the patterns in large-

scale datasets and assist in identifying disease-related diagnostic features and health risk factors. Medical 

image evaluation (Allugunti, 2022), tumour or cancer cell diagnosis, and language processing are some 

of the medical applications that make use of ML models. The machine learning method facilitates 

clinical management and allows technicians to explore the perfect technique for treatment. ML 

categorization methods are integrated into the clinical treatment process, which provides information 

about heart disorder detection and the required treatment to enhance the patient's health condition. 

Machine learning methods like K-nearest neighbour (K-NN), Naive Bayes (NB), AdaBoost (AB), 

Support Vector Machine (SVM), Artificial Neural Network (ANN), Fuzzy Logic (FL), Logistic 

Regression (LR) (Manhas et al., 2022) are extensively used in prior detection of heart disorder. These 

methods facilitate effective clinical decision techniques and minimize the heart disorder death rate.       

The results of different techniques explain that other factors can impact the research conclusion. The 

influencing factors of the proposed technique are data gathering, the technique used to filter the obtained 

data, the attributes used, generalization, and randomization of the attributes. The interconnection 

between the input parameters of the collected datasets is analyzed and generalized by the researchers to 

find how these factors affect the efficiency of cardiac disorder prediction. This research used many 

machines learning (ML) techniques like multilayer perceptron (MLP), logistic regression, K-nearest 

neighbour (K-NN), random forest, Naïve Bayes, Support Vector Machine (SVM), and decision tree 

methods for predicting heart disease. The extensive description of information in different areas of 

clinical research (Allugunti, 2022) is provided by logistic regression methods and provides an exact 

interpretation of the dataset. The logistic regression model is used to identify the attributes and suggest 

whether an enhancement or no improvement will happen after the intervention, exploring the effects and 

links between the predictors, presence or absence of infection using various factors identifying 
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appropriate predictors to use and finding whether newly analyzed variables can be added to the predicted 

value. 

Naive Bayes can be employed in health to analyze predictive techniques for various diseases like 

asthma, breast cancer, brain, and prostate. The supervised machine learning method K-NN is mainly in 

employment for classifying and predicting heart disease. Liver disease data samples are classified using 

K-NN as defined. The Random Forest technique identifies the most reliable predictors, facilitating 

prediction performance in a clinical environment (Jindal et al., 2021). The infection diagnosis of invasive 

breast carcinoma, basal cell carcinoma and various other diseases are identified using support vector 

machine model. SVM provides more standardization capability even in small-scale data sample 

classification. Other fields include handwritten character identification, image categorization, text 

classification, and recognition.    

Early recognition of cancer is possible with the decision tree model which facilitates predicting stroke 

results, recognizing cardiac arrhythmias and chronic disorder management assistance. MLP is also 

utilized in different areas of the medical environment, like disease forecasting, clinical image 

identification and gene selection (Yang & Garibaldi, 2015). This research evaluates all the classification 

models using full and selected features to check their accuracy and reliability. This research assists in 

identifying the most feasible classification technique for structuring high-level intelligent models for 

predicting heart disease. So far, works have not utilized full features and selected feature datasets for 

heart disease prediction (Nazir et al., 2018). The research picks only one appropriate classification 

technique based on its performance and accuracy. The suitable 𝑑 − 𝑆𝑉𝑀 classification models are 

chosen based on factors like F1-score, accuracy, precision, receiver operating characteristics, area under 

the curve score metrics, and recall. The proposed model will help physicians predict whether or not a 

person is infected with heart disease due to COVID-19. In this research, the selected dataset features 

performed better than the full features dataset (Fairfax & Sørensen, 2024).   

While AI model creation with high accuracy is the top priority, model creation is not enough to solve 

a real-world clinical problem. For it to be useful in-patient care, the d-SVM model needs to be available 

in real-time to clinicians via an accepted, high-throughput, and scalable platform. This involves bridging 

the gap between clinical practice and algorithmic research. 

On-premise traditional computing is not able to handle the quantity and variability of diagnostic 

requests in a sizeable healthcare network. Hence, the secret to realizing maximum utility with our AI is 

to use a Cloud Computing model (Aravind et al., 2023). The cloud allows for the dynamic resource 

provisioning and fault tolerance needed to support the d-SVM model as a mission-critical Internet 

Service, and thus this deployment model is a central theme to this paper. 

This research work contains various sections such as section 2 provides detail analysis of different 

methods, section 3 explains the methodology utilized for this research work, section 4 provides the 

numerical results and finally section 5 concludes the outcomes of our research.  

2 Related Works 

The author in (Rajdhan et al., 2023) suggested machine learning (ML) models like K-NN and LR to 

detect and organize patients with heart disorder (Verma & Kapoor, 2021). This investigation proved that 

the K-NN technique works better with 88% accurate result. Sahoo et al. recommended various multiple 

classification models like SVM, logistic regression, K-NN, and Naive Bayes to evaluate the coronary 

heart disorder dataset collected from the UCI database, which poses 13 essential characteristics (Jindal 
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et al., 2021). The best accuracy is provided by the SVM classification technique, which is 85% accuracy, 

was concluded by this research. To identify heart disorders, Uyar et al. proposed a Genetic Algorithm 

(GA) based on a recurrent fuzzy neural network (RFNN) trained dataset, and this study utilized the 

dataset from the California University Irvin machine learning database (Sahoo & Jeripothula, 2020). Of 

297 data samples, 45 were chosen for testing, and 257 were selected for training. The result obtained 

shows a 97.79% accuracy rate in the testing dataset.  

The author in (Arabasadi et al., 2017) defined a specific hybrid technique for predicting coronary 

heart infection. The utilized method can improve the performance of the neural network by roughly 

10%, and it upgrades the actual weight using the genetic algorithm technique that recommends enhanced 

neural network performance. The above technique was employed to the Z-Alizadeh Sni data samples, 

the results generated provide sensitivity, accuracy, and specificity rates of 97.5%, 93.85%, and 92.5%, 

respectively. MLP neural-network-based detection of heart disorders has been developed by (Chowdary 

et al., 2024; Mahdizadeh & Zamanzade, 2019). This model's neural network input is collected from 13 

medical features and employs the steepest-descent method to predict the subject's cardiac disorder. This 

model results in an enhanced accuracy of 98%. Different data mining models are expressed to evaluate 

heart disease prediction (Reza et al., 2021). The generated output shows that the neural networks 

utilizing 15 attributes outperform the data mining techniques. The decision tree method with a genetic 

algorithm and selected attribute technique can achieve high accuracy is the conclusion provided in 

another research. 

 A knowledge extraction model is used to invent a detection technique based on the physicians’ 

instruction was proposed by (Seo et al., 2022). A skating algorithm was used to develop the exactness 

and efficacy of the system. Skating is an ensemble model comparable to the boosting and bagging 

method. They ensemble four varieties of classification techniques like K-NN, skating, Naive Bayes, and 

decision tree, they experimented with the fact that skating provides more efficient results than the other 

classifiers (Mishra et al., 2021; Sethy et al., 2022; Rustam & Angie, 2021). The author utilized the 

ensemble of five classification models: neural network, SVM, classification through regression, 

probabilistic classifier, and gradient boosting. By applying these classifiers, the classification accuracy 

of 73.18% is achieved. These classification algorithms are used to construct the ensemble data extracting 

approach applying two standard datasets, namely Hungarian and Cleveland, which are extracted from 

the UCI machine learning database (Yekkala & Dixit, 2018). The regression method had the lowest 

accuracy, but the random forest improved accuracy by 98.136% (Routray et al., 2018; Le et al., 2019; 
Afolayan et al., 2022). 

Healthcare AI literature downplays the move from an accurate model to a low-latency, world-wide 

service. Cloud Computing has proven to be the de facto choice for productizing large-scale clinical AI 

(Verma & Kapoor, 2021). The greatest advantages are scalability and resource elasticity, which are of 

primary concern for medical diagnostic services with unpredictable, bursty demand (e.g., for a pandemic 

outbreak). Serverless (FaaS) or PaaS cloud infrastructure makes it possible to execute high-performance 

models such as d-SVM as Microservices or APIs with no hardware maintenance (Mokhtari et al., 2025). 

This makes it easier to manage the Service Deployment pipeline (referred to as MLOps often) and 

provides HA. This discussion forms the basis to suggest an architecture where the accessibility, 

maintainability, and availability of our diagnostic d-SVM Internet Service are given top priority on its 

agenda.  

The performance of the classification algorithm can be enhanced using a decision tree with the 

genetic algorithm, as proposed by (Santos et al., 2022). The other two models, such as Naive Bayes (Qiu 

et al., 2021) and cluster-based classification, provide results different from the previous model. The 
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proposed model is identified to provide 99.2% accuracy. The author in (Mishra et al., 2020) verified the 

efficiency of the logistic regression and random forest for predicting cardiovascular patients' risk 

exposure (Liu et al., 2022). The random forest classification technique provides less performance 

accuracy than the logistic regression, resulting from the above method. The performance of the LR is 

89% whereas the gradient boosting provides an accuracy of 88%. The author in (Chaudhuri et al., 2021) 

compared the standard classification trees and regression trees to find the best accuracy, resulting in the 

techniques are standard logistic regression results in better recognition for predicting the presence of 

heart disease (Lai & Deng, 2018; Adler et al., 2020). Table 1 depicts the comparison of various 

approaches. 

Table 1: Comparison of various existing approaches 

Reference Dataset Method Approach Objective 

Feeny et al., 2019 Github 

Supervised 

learning 

NB and LR To give optimal prediction outcomes 

Dalal et al., 2023 
US health 

system 
LR To give superior prediction accuracy 

Diwakar et al., 2021 Reported cases CNN To reduce error rate 

Edeh et al., 2022 Chest X-ray k-NN 
To predict COVID-19 with higher 

speed based on features 

Waris & 

Koteeswaran, 2021 

152 COVID-19 

samples 
CNN 

To provide better clinical prediction 

value 

Ghouali et al., 2022 
5000 COVID 

cases 

Regression 

model 

To make prediction faster and measure 

the chances of future cases 

Jan et al., 2018 7000 samples ANN 
To provide higher efficiency and 

precision value 

Khajehali et al., 

2023 
320 samples LR To provide sensitive prediction value 

Kim et al., 2022 370 variables 

 

NB 
To concentrate of feature samples to 

analyse the cause of the disease 

Kondababu et al., 

2021 
290 samples LR To provide optimal outcome 

 

3 Methodology 

There are various reasons why heart disease is becoming more common. Prior identification of the heart 

disease is required for the proper treatment. Many machine learning techniques are used in this research 

to achieve the early detection of heart disease due to COVID-19. These proposed techniques enable each 

person to become aware of their risk in the prior stage. 

Prediction Model 

The main objective of the proposed research is to develop a suitable technique that can automatically 

and exactly predict heart disorders. The goal of this study is achieved through data gathering, multiple 

machine learning models, pre-processing, characteristics mining and selection, and evaluation of 

performance. The initial procedure starts with collecting the required dataset, and after that, pre-

processing of the gathered data samples is done to fill in the missing attributes, remove indefinite and 

duplicate datasets, and finally, generalize the dataset. Attribute and extraction methods have been 

employed to pick the most required features and ensemble features to produce a new reduced feature 

dataset. The two types of datasets are obtained for the proposed technique, one with full features and 

other with selected features. Diverse artificial intelligence techniques are employed on full-featured and 

selected features to identify the perfect dataset for predicting heart disease. Comparative evaluation of 
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various machine learning models is executed to construct a highly efficient and reliable heart disorder 

prediction technique. The identified prediction technique can categorize heart disorders strictly based on 

multiple performance factors obtained from the two types of datasets. Figure 1 represents the basic steps 

in employing the prediction technique that must be tracked to employ AI methods for cardiac disorder 

prediction by means of suitable confidence.      

 

Figure 1: Block diagram of the model 

Pre-Processing 

The dataset for analysis is collected from diagnostic labs, hospitals and medical centres (Muzammal et 

al., 2020). Large numbers of datasets are gathered from the hospital's in-patients.  

Table 2: Dataset description 

Attributes Type Value 

Age 

 

 

 

 

 

 

 

 

 

Nominal 

30 – 90 

Gender Female and male 

Profession 
Service holder, house wife, farmer, worker, businessman, driver, 

unemployed 

Family_details 

Yes and No Smoke 

Adiposity 

Diet_condition Abnormal and normal 

Physical_exercise Yes and No 

Pressure Abnormal and normal 

Type of Cardiac pain Atypical, typical and non-angina pain 

Chest pain history Yes and No 

Oedema Yes and No 

Systolic_pressure 80 – 180 

Diastolic_pressure 60 – 120  

Cardiac rate Yes and No 

Blood_sugar Negative and positive 

Cardiac troponin Abnormal and normal 

Electrocardiogram 
Class 1 and class 0 

Result 
 

Kaggle Dataset for 

Heart Disease 

Prediction Due to 

COVID 

Pre-Processing 

Normalization 

Feature Extraction 

Feature Correlation 

Analysis with Sparse  

Auto-Encoder 

 

Performance Evaluation 

Accuracy, F1-Score, Recall, 

Precision, AUC and ROC 

COVID-19 Based Heart Disease Prediction 

Support Vector Machine 
Fine-Tuned Classifier 

Model D-SVM 
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The questions are asked to the patients, test outcomes are observed, required feature attributes are 

recorded. The required dataset contains test outcomes of 59 patients and reactions to different queries. 

Table 1 illustrates the specifications of 19 features (one dependent target attribute, 18 independent 

attributes) in the dataset. The attribute ranges may vary; hence, it is necessary to standardize the dataset. 

The equation obtains normalization.     

𝑋 − 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =  
𝑥−min(𝑥)

max(𝑥)−min(𝑥)
       (1) 

Where, 𝑋-normalized represents the restructured normalized variable. ‘0’ is the least value of every 

dataset attribute, and '1' indicates the maximum value for the feature attribute. All the other values are 

calculated using numerals between '0' and '1' (Table 2). 

Feature Representation 

Feature extraction reduces a large sum of data to a reduced number of related bits. Attribute selection is 

the procedure of extracting a subset of required variables for the machine learning structure and 

statistical techniques. The generalization process reduces the data to make it simple for the ML models 

so that the evaluation process takes less time and increases the speed. All the collected data are not 

equally important for the prediction process. So, our proposed model utilized the correlation-based 

attribute subset selection method and the most excellent first search to acquire the required attributes 

from all 19 heart patients' data records variables. This evaluation technique is correlated with the 

appropriate association measure between the datasets and the heuristic explore model in the CFS 

algorithm. When the correlation among the outside attribute and the components improves, the 

association among the outside attribute and the composite attribute also enhanced. The components have 

reduced inter-correlation if the association between the complex variable and the outside variable is 

more robust.     

Deep Network Model 

It is feasible to characterize a feature vector in a minimized form because, in a predictable auto-encoder, 

the hidden space has fewer neurons than the input and output layers. In Sparse Auto-Encoder (SAE), the 

input and output layers have fewer neurons than the latent space. The usage of the neurons in the layers 

is limited in the 𝐿1-regularization term, which forces the network to use fewer neurons each time. This 

kind of network can improve the number of features, which can be analyzed from a diverse viewpoint. 

The standard structure of SAE is shown in Figure 2. The decoder element in the neural network is 

detached once the SAE is trained for the input restructuring procedure. This represents that only the 

encoder part enters into the latent space. The initial 𝑁 attributes are detached to create 𝑀 attributes 

with𝑁 < 𝑀, which is possible through the encoder method. This technique permits the maintenance of 

all the datasets of the actual information and enhances the extra hidden features. The input to the CNN 

is two-dimensional data that includes sample images, and such networks can extract the composite 

features from the dataset repository. During the training, the filter or kernel masses are balanced to 

perform an accurate feature map of every class. In the convolutional neural network framework, the 

initial phase is the pooling layer, and the next layer is the convolution layer. The pooling layer reduces 

the issues of over-fitting and the count of network parameters to minimize the computation complexity. 

Max pooling is the most general and widely applied method that selects each window's higher value. 

Dense layers are the final layers of the convolutional networks used to classify kernel-extracted 

attributes. Figure 2 represents the feature-based CNN, which contains a hidden layer that is an extra 

layer present between the inputs and the outputs.  
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Figure 2: Proposed model 

SVM Based Classification 

Vapnik (Reza et al., 2021) generated the most common and well-structured machine learning technique, 

SVM. The boundary among the positive and negative data points is increased nearer to the N-

dimensional decision hyper plane in a space. Numerous classes to distinguish are present in N-

dimensional space, and the efficiency of the support vector machine (SVM) is considerably affected by 

distinguishable nonlinear datasets. The difficulty is solved by transmitting the data points from the input 

data space to the high-dimensional space utilizing single available function of the filter. This kernel aims 

to detect the most favourable decision plane. To predict heart disease SVM is the commonly used model.    

The prognosis of cardiac disorder is considered an SVM classification issue that allocates the feature 

vector of diseased subject𝑥⃗  = [𝑥1, 𝑥2, … , 𝑥𝑛], to a class 𝑦𝑗  ∈  𝑌 =  {𝑦1, 𝑦2, … , 𝑦|𝑌|} or not, where 𝑌 

represents class set. By assuming, there are 𝑁 training datasets{𝑥⃗1, 𝑦⃗1) , (𝑥⃗2, 𝑦⃗2) , … , (𝑥⃗𝑁 , 𝑦⃗𝑁)},𝑥⃗𝑖 ∈ 𝑅𝑑, 

𝑦𝑖 ∈ (±1) where 𝑦𝑖  , 𝑦𝑖 , … , 𝑦𝑁 represents the class label feature vectors {𝑥⃗1, 𝑥⃗2, … 𝑥⃗𝑁 ,}, 

correspondingly. In linearly separable attributes, the line 𝜔⃗⃗⃗ . 𝑥⃗𝑖 + 𝑏 = 0 indicates the decision boundary 

among the two classes, positive class and negative class, where 𝜔⃗⃗⃗ indicates a vector weight, bias is 

defined as𝑏, and input data is represented as𝑥⃗𝑖. The purpose of the support vector machine is to detect 

the best parameters of 𝜔⃗⃗⃗ and 𝑏 that build the planes𝐻1 𝑎𝑛𝑑 𝐻2, where 𝐻1  →  𝜔⃗⃗⃗𝑇 . 𝑥⃗𝑖  +  𝑏 ≥  +1 for 

positive class and 𝐻1  →  𝜔⃗⃗⃗𝑇 . 𝑥⃗𝑖  +  𝑏 ≤  −1 for the negative class, as illustrated in Figure 2.  

In general, SVM increases the positive and negative boundary space of the data points nearest to the 

hyperplane. The combination of hyperplanes 𝐻1 𝑎𝑛𝑑 𝐻2 can be represented as follows, 𝑦𝑖 ((𝜔⃗⃗⃗ . 𝑥⃗𝑖 +

𝑏)  −  1 ≥  0∀𝑖 =  1, 2, … , 𝑁, where 𝑦𝑖  ∈  {±1}. The formulated hyperplanes are considered as an 

optimization difficulty in the support vector machine by utilizing Eq. (2) to differentiate the negative 

and positive classes, which indicates the vector machine margin. 

min (
1

2
 𝜔⃗⃗⃗𝑇 . 𝜔⃗⃗⃗) 

𝑦𝑖  (𝜔⃗⃗⃗𝑇 .  𝑥⃗𝑖 + 𝑏) − 1 ≥ 0   𝑓𝑜𝑟 𝑎𝑙𝑙  𝑖 = 1,2, … , 𝑁   (2) 

Input Data 

CCN Model 

CCN 

CCN 

CCN 

F1 

F2 

F3 

S
V

M
 C

lassifier 

Y1 

Y2 

Y3 

Output 
Extracted 

Features 

Sparse Auto-Encoder 
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Figure 3: Flow of prediction model 

Figure 3, The standard support vector machine cannot classify the new data samples into a perfect 

class for nonlinearly separable data. To overcome this difficulty, the support vector machine presents a 

kernel function (𝜓), which maps the training data into a high-dimensional space that helps to prevent 

improper classification of the dataset. Eq. (3) indicates the formulation of the primary function of 

support vector machine. 

min (
1

2
 𝜔⃗⃗⃗𝑇 . 𝜔⃗⃗⃗) + 𝐶 ∑ ∈𝑖

𝑁

𝑖=1

 

𝑦𝑖  (𝜔⃗⃗⃗𝑇 .  𝑥⃗𝑖 + 𝑏) − 1 ≥ 0   𝑓𝑜𝑟 𝑎𝑙𝑙  𝑖 = 1,2, … , 𝑁     (3) 

Here, 𝐶 indicates a penalty factor between ∈ 𝑖 and the length of the margin, and ∈ 𝑖 indicates a slack 

variable. Using nonlinear support vector machine classifier, the feature vector 𝑥⃗𝑖 is labelled as 𝑖∗ if the 

main function 𝑓𝑖 produces the maximum value of 𝑖∗ as follows: 

𝑖∗ = arg max 𝑓𝑖(𝑥⃗𝑖) = 𝑎𝑟𝑔𝑚𝑎𝑥 𝑓𝑖 ((𝜔⃗⃗⃗𝑇 .  𝜓(𝑥⃗𝑖) + 𝑏𝑖)) 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 = 1,2, … , 𝑁  (4) 

The outcomes of 𝑖∗𝑡ℎ
 objective function may be positive or negative as represented in Eq. (5): 

𝑓𝑖=𝑖∗  (𝑥⃗𝑖) > 0, 𝑓𝑖≠𝑖∗ (𝑥⃗𝑖) < 0}       (5) 

At the time of classification, the feature vector 𝑥⃗𝑖 which will not satisfy Eq. (5) is not classified and 

declared as an indefinite case as: 

𝑓𝑜𝑟 𝑎𝑙𝑙 𝑥⃗𝑖  ≠ {𝑥⃗𝑖|𝑓𝑖=𝑖∗  (𝑥⃗𝑖) > 0,   𝑓𝑖≠𝑖∗(𝑥⃗𝑖) < 0}     (6) 

Online available dataset 

Training  Testing 

Evaluate Features 

Using Sparse AE 

Choose Influencing 

Features With CNN 

Train Classifier with 

Proposed SVM 

Perform K-Fold Cross-

Validation 

 
Prediction  

Independent 

dataset 

Evaluate Performance Metrics 
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At this point, the NB classification technique is utilized to classify the ambiguous vectors. The 

probability that the ambiguous vector 𝑥⃗𝑖 belongs to a class 𝐶𝑗  in naïve bayes classifier is defined using 

Eq. (7) is: 

𝑃(𝐶𝑗|𝑥⃗𝑖) =  
𝑃(𝐶𝑗)𝑃(𝑥𝑖|𝐶𝑗)

𝑃(𝑥𝑖)
; 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 = 1,2, … , 𝑁     (7) 

The 𝑖∗ is the label for ambiguous vector 𝑥⃗𝑖, if the conditional probability 𝑃(𝐶𝑗 |𝑥⃗𝑖) is the maximum 

for 𝑖 ∗, as specified in Eq. (8): 

𝑖∗ = 𝑎𝑟𝑔𝑚𝑎𝑥 (𝑃(𝐶𝑗|𝑥⃗𝑖)) 𝑓𝑜𝑟 𝑎𝑙𝑙  𝑖 = 1,2, … , 𝑁                                                 (8) 

Algorithm 1:  

Input: Dataset = {(𝑥(1), … , 𝑥(𝑛))}; input sample size; total amount of samples; prediction class = 

{Yes/No}; 

Output: classification accuracy 

1: Split training and testing set; 

2: Analyze number of features; 

3: Analyze selected features; 

4: Input processing; 

5: Partition (training, testing) = (70:30) 

6: Training New = choose (Training set, D) 

7: Testing New = choose (Testing set, D) 

8: Aggregate deep model with SVM; 

For 𝑖 = 1 𝑡𝑜 𝐿; 

𝐷𝑖 = (𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝑠𝑒𝑡, 𝐷); 

ℎ𝑖 = 𝑁𝐵 (𝐷𝑖); 

ℎ𝑗 = 𝑆𝑉𝑀 (𝐷𝑗); 

𝑒𝑛𝑑 

9: Testing: 

For all ′𝑥′ in testing; 

End 

End 

Operationalizing the D-SVM Model Via Cloud Microservices 

To deploy the d-SVM prediction model from a research paper to a high-availability Internet Service, a 

Cloud Computing deployment strategy founded on a microservices approach. The strategy is aimed at 

meeting both the computational needs of the model as well as the essential need for real-time scalability 

in healthcare settings. The deployment procedure entails three main steps. Second, the trained d-SVM 
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model and the optimal feature set obtained from the feature selection process are serialized using tools 

such as Python's joblib or pickle. Subsequently, this serialized model is placed inside a Docker container 

in a manner that the model's environment, i.e., all the dependencies such as TensorFlow/Keras and 

Scikit-learn, will be the same and not change irrespective of the cloud environment (e.g., AWS, Azure, 

or GCP). In phase two, the container application is deployed to a Platform-as-a-Service (PaaS) 

environment like Kubernetes or an app-managed platform. In this case, the microservice executes as a 

RESTful API endpoint with an API Gateway as a single point of access for handling traffic, 

authentication, and routing of requests. This allows patients' important characteristics, such as age and 

troponin levels, to be uploaded as a simple JSON input to the API, returning the time-calculated heart 

disease risk score. Lastly, for phase three, elastic scaling and load balancing are implemented. The native 

load balancer of the cloud directs incoming diagnostic requests between multiple instances of the d-

SVM container running. Auto-scaling policies are configured to monitor metrics like CPU utilization or 

request queue length, allowing the system to automatically scale up or down based on fluctuating 

demand. This ensures that, even during periods of high demand (such as a COVID-19 surge), the service 

maintains low latency and high availability (HA) around the clock. 

 

Figure 4: Cloud-based service deployment architecture with flowchart logic for D-SVM prediction 

model 

Figure 4 involves a Cloud-Based Service Deployment Architecture for a d-SVM Prediction Model, 

showing a secure and scalable method for the distribution of AI-based heart disease diagnosis as an 

Internet Service. The process starts with a Client/Hospital EHR System transmitting a diagnosis request 

(JSON data) through a Secure Network (encryption of data in transit). The request initially lands on the 
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API Gateway/Load Balancer, which offers one secured entry point (TLS/VPN). The greatest innovation 

lies in the Auto-Scaling Group of the Secure Cloud Environment. There, it applies flowchart logic: when 

the request queue is full, the system Scales Up automatically by adding a new d-SVM Microservice 

container to handle the load. When the load is low, the system can Scale Down to save costs. These 

containerized d-SVM AI Models process the requests and produce two important outcomes: the 

Prediction Result (JSON) is returned to the client through the API Gateway, and all transactional data 

are logged into the Secure Data Storage (in addition to the initial Model Training Data), providing both 

real-time utility as well as strong data stewardship. 

4 Numerical Results and Analysis 

Table 1 represents the entire dataset partitioned into testing and training datasets. A known output is 

included in the training dataset, and the method produced on this dataset is used to standardize it later to 

other data. 70% of the collected data (39 cases from the 59-instance dataset) is used for training. The 

proposed model performs at an enhanced accuracy level on the training attributes but outperforms the 

dataset in the testing phase. The performance inaccuracy is prevented by applying the tenfold cross-

validation technique. The method is demonstrated with the test data, which is also a part of the gathered 

dataset. This research used twenty instances from the collected data for the testing phase, which is 30% 

of the entire dataset. The performance of the cross-validated dataset depends on the classification model 

used. So, it is necessary to ensure that the classification technique is functioning at its best through the 

parameter tuning technique (Table 3 and Table 4). 

Table 3: Data partitioning 

Dataset Partitioning (%) 

Training 70 

Testing 30 

Table 4: Confusion matrix 

Prediction   

 Negative class (0) Positive class (1) 

Actual   

Positive class (1) FN TP 

Negative class (0) TN FP 

Performance Analysis 

A structured model is used in this research to analyze the efficiency and accuracy of various 

classification models for predicting heart disease. To evaluate the system's performance metrics, many 

factors like True Positive, False Positive, True Negative, False negative, precision, recall, ROC-AUC 

score, and F1-score, along with the confusion matrix, are considered.  

Confusion Matrix: The classification models' efficiency and accuracy are determined using the 

confusion matrix, a straightforward technique. A confusion matrix is a table with two dimensions, 

"Predicted class" and "Actual class" in all dimensions. The actual classification of heart disease is 

represented in rows, and the predicted classes are defined in the columns. The dataset contains two 

classes Cl, Class 0 and Class 1. Table 2 indicates the confusion matrix developed for detecting heart 

disease. 
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True Positives (TP): in this case, the actual class is true, and the predicted class of the data points 

are also true. 

True Negatives (TN): in this type of case, the actual data class and the predicted data class are False.  

False Positives (FP): in this type, the actual data class is False, but the predicted data class is true.  

False Negatives (FN): in this type, the actual class of the data point is true, and the predicted class 

data point is False.  

Accuracy: It is computed using the count of entire exact predictions divided by the total number of 

datasets. Four classification techniques are used to find the accuracy comparison. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
         (9) 

Precision: it displays the ratio of optimistic class predictions that are heart disease positive. The high 

precision obtains the result of consistent measurement or the repetitive values of the reading. The 

variation in the measurement is indicated by the low precision. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
       (10) 

Recall: the test's ability to designate a patient with positive heart disease. Few false negative results 

are produced with susceptible tests; thus, only a few cases of heart disease are missed. It is referred to 

as a True Positive Rate (TPR). 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
       (11) 

Specificity: The number of exact pessimistic predictions of cardiac disorder divided by the sum of 

all negative predictions, and it is also referred to as True Negative Rate (TNR). 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑃

𝑇𝑁+𝐹𝑃
      (12) 

F1-score: The F1 score is evaluated as the harmonic average of recall and precision. Maximum F1 

score obtains a high accuracy value of recall and precision. 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ∗ 
𝑅𝑒𝑐𝑎𝑙𝑙∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
     (13) 

AUC-ROC: The Area Under Curve (AUC) –Receiver Operating Characteristic (ROC) is an efficacy 

indicator for the issues related to the classification model. The AUC-ROC metric indicates the capacity 

of the classification models to work in the class division process. The higher AUC value indicates that 

the model performs better. The curve is generated using the values acquired by plotting the values of 

True Positive Rate (TPR) and False Positive Rate (FPR) at dissimilar threshold values. 

Discussion 

This research applies diverse machine learning models to detect heart disease. The efficiency of these 

ML techniques is analyzed, and a thorough comparison of the results is observed. The following section 

evaluates the dataset and records the observations for different methods before the performance 

evaluation process. The graphs also depict varying correlations between the attributes and target values. 

Tables 3 and 4 illustrate the numerical data correlation. The heatmap of the numerical feature correlation 

is presented. The highly correlated attributes are diastolic_pressure and systolic_pressure. It is necessary 

to depreciate either the variables bp_systolic or bp_diastolic. The attribute bp_systolic has been 
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separated and removed from the dataset because bp_diastolic connect higher with the target, according 

to the association with the parameters and every other target (Table 5 and Table 6).      

Table 5: Statistical analysis 

 Age bp_systolic Bp_diastolic Heart rate Target 

Count 60 47 46 47 60 

Mean 16.76 129 77 83 0.62 

Std 16.87 25 15 22 0.50 

Min 27 75 50 54 0 

25% 50 110 66 70 0 

50% 60 130 75 76 1 

75% 65 144 90 90 1 

Max 90 180 120 165 1 
 

Table 6: Correlation analysis 

 Age bp_systolic Bp_diastolic Heart rate Target 

Age 1.0 0.019 0.070 -0.03 0.28 

Bp_systolic 0.020 1.0 0.80 0.15 0.13 

Bp_diastolic 0.070 0.8 1 0.20 0.20 

Heart rate -0.04 0.15 0.2 1 0.14 

Target 0.29 0.13 0.2 0.14 1 
 

In older people's circulatory systems, efficiency declines due to the main factor of age, this increases 

the possibility of cardiovascular disease. A lot of other age-related issues increase due to cardiovascular 

diseases like stroke, atherosclerosis, and cardiac arrest, which were predicted in both male and female 

patients. The infection of CVD in US male and female patients is 86% in individuals above the age of 

80, 75% between the age of 60 -79, and 40% between the age of 40 – 59 is the data found by the 

American Heart Association (AHA). People older than 50 are infected explicitly by heart disorders as 

illustrated and this indicates that the leading indicator of cardiovascular infection is age. The research 

aims to identify the best working classification technique to predict cardiovascular disease. Different 

performance indicators are utilized to analyze the best classifier and present the well-performed 

classification model for heart disease prediction. After the performance evaluation, the best classification 

technique was identified, using all 19 features from the dataset. Next, 14 parameters are considered to 

correlate perfectly with the target value to find the best classification technique for cardiovascular 

infection (Pires et al., 2020). Finally, our proposed research contrasted different performance indicators 

of various machine learning models for both dataset features. The features of heart disease have to be 

associated due to the conflict of COVID-19 in an individual (Table 7). 

The proposed model performed well than the other techniques in terms of precision, F1 score, 

exactness, recall, and AUC-ROC score, and it is given in Table 6 and Figure. 4. The best recall of 96%, 

accuracy of 95%, 96% AUC-ROC score, 96% precision, and 95% F1 score is obtained using a random 

forest model. The results indicate that the random decision forest is best among all the other six ML 

classification models for the 19 dataset features. An accuracy of 75%, 77.5% precision, 75% F1-score, 

75% AUC_ROC score, and 75% recall is achieved with the KNN model. Naive Bayes provides 87.50% 

precision, 76.26% ROC-AUC score, 73.68% F1-score, 63.65% recall, and 75% accuracy. K-NN and 

Naive Bayes performed well, but K-NN has a lower precision value than Naive Bayes, and K-NN has a 

higher F1-score and recall value than Naive Bayes. K-NN provides less AUC-ROC score than Naive 

Bayes. 
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Table 7: Dataset analysis 

Category Label No. of diagnosed individuals Prediction rate  

Gender 
Male 30 79% 

Female 9 22% 

Smoking 
Yes 23 60% 

No 16 41% 

Obesity 
Yes 18 68% 

No 21 33% 

Diet 
Normal 13 46% 

Abnormal 26 55% 

Physical activity 
Yes 16 33% 

No 23 68% 

Stress 
Normal 27 41% 

Abnormal 12 60% 

Chest pain 
Yes 23 70% 

No 16 30% 

Troponin 
Positive 30 60% 

Negative 9 41% 

Diabetes 
Yes 13 79% 

No 26 22% 

ECG 
Normal 13 33% 

Abnormal 26 68% 

Total No. of samples 60  

 No. of individuals diagnosed 38  
 

The decision tree provides 70% accuracy and 75% F1 score: the decision tree (DT)and the logistic 

regression (LR) performance offer similar outcomes across all factors. The proposed model gives 

superior performance to others (Table 8 and Table 9). 

Table 8: Evaluation metrics comparison with other approaches 

Methods Acc (%) Pre (%) Re (%) F1-score (%) ROC (%) 

LR 70 69 81 75 68 

NB 75 87 63 73 76 

k-NN 75 75 75 75 75 

SVM 70 72 72 72 69 

DT 70 69 81 75 68 

RF 89 84 90 91 88 

MLP 60 60 81 69 57 

𝒅 − 𝑺𝑽𝑴 95 94 93 95 96 
 

Table 9: Evaluation metrics comparison based on feature selection 

Methods Acc (%) Pre (%) Re (%) F1-score (%) ROC (%) 

LR 75 75 81 78 74 

NB 70 77 63 70 70 

k-NN 85 85 85 85 85 

SVM 80 76 83 83 78 

DT 80 81 81 81 79 

RF 90 90 90 90 89 

MLP 70 66 76 76 67 

𝒅 − 𝑺𝑽𝑴 95 94 93 95 96 
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Figure 5: Evaluation metrics comparison with other approaches 

 

Figure 6: Evaluation metrics based on feature selection 

MLP is the least-performing model among the other ML techniques, so it is considered inefficient 

compared to the different classification models. Random Forest is considered as the best feature for our 

extracted dataset. Figure 4 depicts the AI technique’s graphical representation of each and every one of 

the features based on performance analysis and Figure 6 shows the ROC computation. Reducing the set 

of dataset parameters to 14, this research verified the performance metrics for all AI techniques. The 

assessment of classification models in the test dataset of extracted features is depicted in Table 8 and 

Figure 7. The classification based on logistic regression provides 75% accuracy, 78.27% F1-score, 75% 

precision, 74.25% ROC-AUC score, and 81.83% recall. The classification based on Naive Bayes 

achieves 77.79% precision, 70% accuracy, 63.64% recall, 70.71% AUC_ROC score, and 70% F1 score. 

K-NN classifier performs better than LR, but MLP performs the least among the other classifiers with 

70% F1-score and 63.64% recall. The calculated precision, accuracy, recall, F1-score, and AUC-ROC 

score of K-NN are 85% for all the factors of performance. RF provides the enhanced 100% recall, 

90.92% precision, 90.91% F1 score, 90% accuracy and 89.91% ROC-AUC score. Both the decision tree 
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and the SVM provide 80% accuracy and operate approximately similarly for the reduced dataset 

attributes. The decision tree achieves a 76.92% F1 score, 76.92% recall, 66.67% precision, 70% accuracy 

rate, and 67.68% ROC-AUC score. MLP classification provides the lowest F1-score, 67.68%, and a 

precision of 66.68%. The proposed 𝑑 − 𝑆𝑉𝑀 model gives 95% prediction accuracy. Thus, from the 

results of various classification models, we conclude that the proposed model is the finest classifier for 

our selected features. MLP is not better than previous classification techniques. Figure 5 depicts the 

evaluation of performance for different classification techniques for the selected features.  

 

Figure 7: ROC computation 

Comparing the performance metrics of the full features dataset and the selected features dataset, 

significant variations are shown by the selected dataset features. Logistic Regression (LR), decision tree 

(DT), K-NN, and support vector machine (SVM) have enhanced precision for the chosen dataset 

attributes. The precision is least similar to accuracy in Naive Bayes. The classifiers like KNN, decision 

tree, support vector machine, and MLP have improved recall value. Enhanced F1 score is achieved 

through the classifiers K-NN, DT, SVM, LR, and MLP. Naive Bayes is the only classifier with a lower 

F1 score and an enhanced AUC-ROC score. It is concluded that random forest is the best classifier for 

both the full features and the selected features dataset. The efficiency of the proposed classification 

model is enhanced with the expanded dataset features. The model provides improved performance for 

the full features dataset. Figure 4 and Figure 5 depict that the classification models perform better on the 

selected features dataset than all feature datasets. The heart disease due to COVID-19 is analyzed based 

on the feature representation, where the model intends to give superior performance than others. 

Cloud Computing and Scalability Analysis  

Although the fundamental predictive accuracy of the d-SVM model is validated in Section 4.2, the 

significant output of the work is that the model is converted into a mass-deployable, high-availability, 
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and scalable service. This chapter gives the architectural outcomes of the application of the d-SVM 

classifier as a containerized microservice in a Cloud Computing platform. 

Architecture Comparative Analysis 

Implementation is based on an API Gateway to make the d-SVM prediction engine a secure RESTful 

service, which is supported by an auto-scaling group of servers and containers, even though, offered as 

serverless. Table 10 is a summary of the vital benefits of this cloud-native deployment strategy over a 

traditional monolithic, on-premises deployment. The proposed system requires this architectural 

decision in order to realize the required clinical utility of large size, real-time diagnosis through a large 

network of healthcare professionals. 

Table 10: Comparative features of deployment architectures 

Feature 
Monolithic/Traditional On-Premise 

Deployment 

Proposed Cloud Microservices 

(d-SVM) Deployment 

Scalability 
Manual, resource-bound, and slow. 

Requires physical hardware upgrades. 

Elastic (Auto-Scaling): 

Automatically scales horizontally 

(adds instances) based on demand 

(e.g., CPU utilization). 

High 

Availability 

(HA) 

Susceptible to a Single Point of Failure 

(SPOF); service downtime during 

maintenance. 

Fault-Tolerant: Achieved via 

multiple service instances across 

availability zones and automated 

load balancing. 

Deployment 

Pipeline 

Complex, high overhead for updates 

and environment dependency 

conflicts. 

Containerized (Docker): Enables 

fast, consistent, and repeatable 

MLOps for seamless model 

updates. 

Global 

Accessibility 

Limited to internal network access or 

complex Virtual Private Network 

(VPN) configurations. 

Global Service: Available 

anywhere as a low-latency, secure 

Internet service via API Gateway. 
 

Operational Scalability Performance 

To demonstrate the superior performance and resilience of the cloud architecture, a simulation was 

conducted to assess the prediction latency under increasing concurrent user load. 

 

Figure 7: Comparative latency analysis 
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As it is demonstrated in Figure 4, the prediction latency of the conventional deployment increases 

exponentially, which means that there is a bottleneck and service degradation when the capacity of the 

single server is surpassed. 

Conversely, the Cloud Microservices Architecture ensures that the prediction latency is constantly 

low as the number of parallel requests also grows. This directly comes about because of the Auto-Scaling 

Group, which dynamically provisions and deploys new d-SVM containers as the load increases in real-

time, thus providing Quality of Service (QoS) and high-availability, which is of great importance to 

urgent medical diagnosis. 

The findings validate that the deployment architecture is part and parcel of the overall success of the 

system. The cloud-native design converts a high-precision d-SVM algorithm (95%) to be a dynamic 

clinical tool. Such elasticity is crucial to situations such as the management of COVID-19, when the 

demand for diagnostics may suddenly increase. The design makes sure that the system is not only correct 

but also quite economical and viable to use with a large population, with the use of the cloud resources 

only when needed and, therefore, making use of it as cost-efficient and operationally reliable as possible. 

Confidentiality (Data security and privacy):  The patient's health information (PHI) is secured by 

using strong measures. All the communications of the RESTful API are encrypted through Transport 

Layer Security (TLS) and the data is therefore encrypted over the air. The cloud storage and computing 

infrastructure is set to implement data encryption during rest, which meets the industry best practices 

with regard to regulatory compliance (e.g. HIPAA principles). The microservice architecture also 

contributes to the security level because the prediction model logic and the layer of patient data are 

separated, and the principle of least privilege is implemented. 

Availability (Fault Tolerance and Resilience): Service uptime is not an issue since it is a life-saving 

diagnostic system. The multi-zone deployment and auto-scaling model (as shown by the steady latency 

in Figure 4) ensures the fault tolerance of the system, as well as the high availability of the system. This 

resilience will make the diagnostic service available over the Internet even in the case of unexpected 

surges in load or a failure in the components, which is a crucial aspect of secure service delivery. 

Integrity and Auditability (Non- Non-Repudiation): To build up clinical and regulatory confidence, 

each and every transaction is recorded and time-stamped, forming a complete audit trail. This will 

contain the input data, the final prediction, which version of the model was used, and what is the response 

time. This mechanism will provide non-repudiation (assuring of the identity of the requester of when 

and what) and integrity of the data. Containerization usage offers a fixed execution environment, which 

ensures that the diagnostic logic deployed is fixed and cannot be modified dynamically. 

5 Conclusion 

This study conducts comprehensive research for predicting heart disease due to COVID-19. The most 

important features are selected using the CFS method with the BFS technique. It is identified that there 

does not exist a strong connection between the features and the analysis of only 14 features, such as age, 

smoking, obesity, stress, blood pressure diastolic, troponin, target, diabetes, diet, gender, cardiac pain 

type, physical activity, chest pain history. ECG is considered for predicting the heart disease of the 

patient. Seven artificial intelligence techniques, including logistic regression, decision tree, K-NN, 

random forest, Naive Bayes, Support Vector Machine, and MLP, are used for comparison using the 

dataset containing full features and selected features (Panahiazar et al., 2015). The selected feature 

dataset is used by the proposed 𝑑 − 𝑆𝑉𝑀 technique that provides 95% accuracy, a recall of 96%, 95% 
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ROC-AUC score, and 96% precision, which results in enhanced performance compared to the other AI 

models. This research was able to create an immensely dependable d-SVM model for data-driven 

COVID-19-induced heart disease prediction (Maini et al., 2021). The major contribution is to determine 

the deployment readiness of the solution by creating a Cloud Computing and Microservices Deployment 

Architecture. This architecture, with a secure API Gateway and an Auto-Scaling Group, enables the 

computationally heavy AI model to be deployed as an Internet Service that is fault-tolerant and scalable. 

This deployment strategy successfully responds to the primary challenge of transferring high-

performance AI from the research community to a low-latency, high-availability solution for mass, real-

time application in clinical diagnostics. The superior performance of the d-SVM model, combined with 

the architectural robustness, successfully transforms the analysis from a laboratory finding into a reliable 

and secure Internet-based Information Service. The cloud-native, auto-scaling microservices 

architecture not only ensures scalability and high availability but also establishes the necessary 

framework for end-to-end data security, auditability, and regulatory compliance, which are non-

negotiable requirements for any trustworthy digital health service operating over the Internet. Future 

work will focus on integrating a decentralized trust layer, potentially using blockchain technology, to 

further enhance patient data security and privacy management within the Internet services architecture. 

The selected features dataset performs better than the full-featured dataset except for the proposed 

classification method. The reduced performance of the existing technique is due to the need for added 

discriminatory feature datasets (Samuel et al., 2020). In most cases, the dataset attributes are strongly 

related to one another. The systematic research of heart disease prediction is achieved using the dataset 

records collected from the clinicians (Negassa et al., 2021). The essential datasets are archived in the 

data management repository required to predict heart disease instead of documenting and maintaining 

the attributes. For future work, we must authenticate our recommended techniques externally.     
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