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ABSTRACT 
Diseases of the cardiovascular system take the top spot on the list of the world's leading causes of mortality. However, accurate prognostica-
tion and prompt diagnosis may assist in lowering the overall death rate and increasing the percentage of individuals who are able to survive 
their condition. One key problem that slows down the process of early diagnosis is the lack of availability or shortage of radiologists and 
other medical professionals in various nations for a variety of reasons. In the realm of medical imaging, the use of computational intelli-
gence as a method to identify, prognosticate, and diagnose illness is a burgeoning trend that is one of the many different efforts being made 
to construct decision support systems. It makes it easier for radiologists and other medical professionals to deal with their excessive work-
loads and reduces the amount of time lost due to unnecessary delays in the diagnosis of patients. Despite the fact that a significant number 
of cardiac disorders are avoidable, their prevalence is nevertheless on the increase, mostly as a result of insufficient preventative efforts. In 
the modern, digital age, a number of clinical decision support systems for predicting cardiac disease have been created by a variety of re-
searchers in order to simplify diagnosis and guarantee that it is carried out effectively. Using data mining and machine learning techniques, 
the authors of this work analyze the current state of the art regarding a variety of clinical decision support systems that have been pre-
sented by different researchers for the prediction of cardiac disease. It has been discovered that Support Vector Machines (SVM) and Artifi-
cial Neural Networks (ANN) are superior in the majority of the research in all of the frameworks. Deep neural networks are a relatively new-
er technique of machine learning that is producing noticeable results in classifying heart sound signals and cardiovascular imaging. These 
findings have been achieved in recent years. The current study will assist in automating the process of diagnosing heart disease by providing 
new researchers in the field of machine learning with recommendations and potential new research topics to investigate. 

 
1. Introduction 

Illnesses that are contagious, such as the swine flu and the corona virus, may spread quickly; nevertheless, fatality rates for com-
municable diseases are often lower when compared to those of numerous non-communicable diseases, such as diabetes, heart dis-
ease, liver cancer, and breast cancer. Researchers in the field of machine learning place a significant emphasis on medical data min-
ing. These researchers are interested in a wide range of diseases, including breast cancer, heart disease, diabetes, Parkinson's dis-
ease, hepatitis, liver disorder, lung cancer, pancreatic cancer, leukemia, and brain tumors [1-10]. Out of all of these ailments, heart 
disease is the most unexpected and potentially fatal one. When compared to other non-communicable diseases, it has the greatest 
fatality rate. In 2015, various cardiac illnesses claimed the lives of more than 17.7 million individuals worldwide [11]. According to 
research that was published not too long ago [12], heart disease is responsible for the deaths of 17.9 million individuals each and 
every year all over the globe. Using this information as a proxy for a raw figure, we may estimate that around 49 000 persons 
throughout the globe pass away owing to cardiac problems every single day. This is a very large amount. The difficult and expensive 
diagnostic procedure contributes to the higher death rates caused by heart disease in impoverished and emerging countries. 
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According to the World Health Organization (WHO), cardiovascular disease (CVD) is one of the most common causes of mortality 

in the United States and is one of the leading causes of death globally [13], [14]. Cardiovascular disease (CVD) is a disorder that oc-
curs when the heart is not working adequately to pump the needed volume of blood to other regions of the body, which may lead to 
heart failure [15]. The most common cause of heart failure is the narrowing or blocking of coronary arteries. Early symptoms of car-
diovascular disease include an irregular heartbeat, chest pain or discomfort, shortness of breath, swelling feet or ankles, exhaustion, 
and fainting. Other symptoms include chest pain or discomfort. The earlier a patient's condition can be diagnosed and treated, the 
longer they are likely to live. There is a severe problem that is a bottleneck in this respect, and that is the lack of resources and the 
unavailability of physicians and radiologists in developing or low-income nations. This causes sickness to be diagnosed at an ad-
vanced stage when it might have been prevented. This is one of the primary reasons why the average length of life for individuals 
diagnosed with cardiovascular disease is between one and two years [16]. The patient's medical history, age, gender, and lifestyle, 
among other things, may all be variables in the development of cardiovascular disease (CVD). Alterations in lifestyle, such as in-
creased movement and abstinence from tobacco use, may help lessen the impact of risk factors by bringing cholesterol and blood 
pressure levels under control. These potential dangers are currently being evaluated by a medical professional. The analysis of early 
symptoms, adjustments in lifestyle, and the medical examination report all assist medical professionals diagnose the illness. As a re-
sult of human error and the fact that the expertise utilized to evaluate patient data might vary depending on the amount of know-
ledge, accuracy and prognostication cannot be guaranteed [17-18]. A heart attack or heart failure are two common ways to describe 
issues related to the cardiovascular system. Congenital heart disease, left sided heart failure, right sided heart failure, ischemic heart 
disease (IHD), myocardial infarction, arrhythmias, systemic and pulmonary hypertensive heart disease, valvular heart disease, infec-
tive endocarditis and non-infective vege-tation, cardiomyopathies and myocarditis, pericardial disease, and pericardiac tumors 
[19] are the most common types of heart conditions Congenital heart disease [20], which is often diagnosed in newborn newborns 
and has a low death rate, is one of the conditions that researchers that study machine learning pay the least attention to diagnosing. 
The phrase cardiovascular illnesses encompass any other issues pertaining to the circulatory system (CVDs). The extensive body of 
research on the use of machine learning to diagnose cardiovascular diseases includes the diagnosis of ischemic heart disease (IHD) 
[21], arrhythmia [22], and valvular heart disease [23–25]. The fact that conditions related to the heart are more likely to result in 
death explains why there is such a wealth of published information on these disorders. 

 
Angiograms are one of the potential diagnostic tools for determining the extent of cardiovascular disease (CVD). Angiography may 

have some unpleasant side effects, and it also requires a high degree of competence from the patient, which is one of the primary 
reasons why researchers are looking at automated solutions that might assist ease the diagnostic procedure. In the previous several 
decades, researchers and academics have been looking forward to the development of such automated machine intelligent expert 
systems to lessen the related risks of medical examination. The machine learning (ML) predictive models or their ensembled ver-
sions, such as logistic regression (LR), k-nearest neighbor (kNN), support vector machine (SVM), naive bayes (NB), adaboost (AB), K-
means clustering, linear regression, decision trees (DTs), and random forest, can be utilized by the decision support systems (RF). 
Rule-based fuzzy logic, often known as RBFL, and the opposing firefly with BAT technique are what Reddy and Khare [26] employ in 
order to make a prediction about heart disease. On the basis of rule-based fuzzy logic (RBFL) and the oppositional BAT firefly (OFBAT) 
method, a hybrid approach for detecting heart disease known as OFBAT-RBFL has also been developed. In addition, Arabasadi et al. 
[27] proposed a neural network-based hybrid neural network technique combined with a genetic algorithm for accurately classifying 
heart disease datasets. 
 

The majority of fatalities caused by all of the various types of cardiovascular diseases are attributable to coronary artery disease 
(CAD). Myocardial infarction is the medical term for a heart attack, which is the outcome of coronary artery disease (CAD). CAD oc-
curs when a material known as atherosclerotic plaque forms, which limits the blood flow to the heart and ultimately causes a heart 
attack (MI). Therefore, it is essential that an individual should notice the early creation of atherosclerotic plaque by means of some 
clinical measurement, and the formation must be prevented by means of some particular medical therapy. The diagnosis of cardiac 
illness may be carried out in one of two ways: using invasive procedures, or (ii) using non-invasive methods [28]. The non-invasive 
approach known as coronary angiography (CA), often considered the gold standard for the identification of heart disease, is known 
as coronary angiography. On the other hand, it is very expensive, difficult to use, and calls for specialized knowledge. The invasive 
procedure comes with a number of risks, including the possibility of arterial dissection and arrhythmia. In certain people, it may lead 
to issues with the kidneys as well as paralysis. Under severe conditions, CA has the potential to possibly cause death [28], [29]. In 
addition, continual imaging and screening are essential in CA, which contributes to the state's high operating expenses. Once again, 
significant costs associated with diagnosis make this an impractical option, particularly in underdeveloped and emerging countries. 
Therefore, despite the fact that it is considered the gold standard, it is not universally acceptable, and patients from underdeveloped 
countries such as India will often avoid it. The automatic diagnosis of cardiovascular diseases is an essential application field for ma-
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chine learning, and it eventually helps save many lives. This is because the majority of heart diseases may be treated successfully 
provided, they are diagnosed in a timely manner. This effort will foster the development of clinical decision support systems, which 
are decision support systems that are based on models of machine learning and are utilized in diagnosis. These systems are often 
referred to as CDSS. Not only will heart patients benefit from CDSS, but doctors and even the government might find it to be a valua-
ble tool. 

 
The human heart is considered to be one of the most important organs in the body. It is a kind of muscle organ that is located at 

the center of the body's circulatory system and is responsible for pumping blood into the body [42]. The cardiovascular system is 
made up of all of the blood vessels in the body, including arteries, veins, and capillaries, which together create a complicated net-
work that allows blood to circulate throughout the whole body [43]. Any restriction or abnormality in the normal circulation or flow 
of blood from the heart would result in a number of serious complications of cardiac disease. These problems might range from mild 
to life-threatening. These conditions are referred to as cardiovascular diseases (CVDs), and they are among the most lethal illnesses 
that may be found everywhere on the globe. Disorders affecting the heart, blood vessels in the brain, and diseases of the blood ves-
sels themselves are all included in the category of cardiovascular diseases [44]. According to the report "Global Atlas on Cardiovascu-
lar Disease Prevention and Control" published by the World Health Organization (WHO), cardiovascular diseases (CVDs) are the main 
causes of mortality and disability across the world [45]. Despite the fact that CVDs may be avoided by making adjustments to one's 
way of life and taking other associated preventative steps, all signs point to the fact that these conditions are still on the increase on 
a daily basis, as mentioned in a number of publications published by the WHO. The World Health Organization (WHO) has published 
many papers that reveal an alarming increase in the prevalence of cardiovascular diseases around the globe. Around the globe, car-
diovascular diseases are the leading cause of death, accounting for an estimated 17.5 million deaths in 2012 [46]. Another research 
from the WHO estimates that cardiovascular diseases are responsible for 17.9 million deaths annually globally, which accounts for 
around 31 percent of all fatalities. Eighty-five percent of these occur as a result of heart attacks and strokes [47]. The World Health 
Organization (WHO) has published a number of reports that indicate an increase in the number of deaths caused by cardiovascular 
diseases. Despite the increasing prevalence of risk factors, the majority of experts believe this trend can be attributed to a lack of 
effective preventative measures. 

 
A number of the medical disorders described above have treatment options available. However, the potential for optimum benefit 

can not be realized unless patients have sufficient adherence to their prescription regimens. According to the World Health Organiza-
tion, medical adherence (MA) is defined as "the degree to which a person's behavior—taking medicine, following a diet, and/or im-
plementing lifestyle changes—corresponds with approved recommendations from a health care professional" [31]. The estimated 
MA among patients using CVD preventative medications is approximately 57 percent (95 percent confidence interval: 50–64 per-
cent), with reported adherence in the included studies ranging from 32 percent to 68 percent [30]. This estimate is based on a meta-
analysis that included 376,162 patients. According to the findings of Naderi et al. [30], it is possible that the kind of drug and the po-
tential adverse effects of pharmaceuticals are not the primary reasons for poor adherence to CVD preventive medications. It would 
seem that the involvement of variables that are not connected to drugs has a more significant impact instead [32]. A variety of re-
gression approaches have been used in a number of studies [33,34,63] to discover MA related variables. The prediction of future MA 
has not seen a discernible shift despite the enhancements that have been made to databases that include health care claims and the 
rise in the amount of patient data. Most of the attention in traditional techniques was concentrated on a limited set of clinical crite-
ria that were defined by investigators as well as demographic data that were accessible when therapy first began. Predictors of mul-
tiple sclerosis include a diverse set of factors, such as age, race, socioeconomic status, psychological issues, cognitive problems, and 
the complexity of the treatment protocol [35-37]. Some of these factors include age, race, socioeconomic status, psychological is-
sues, cognitive problems, and the complexity of the treatment protocol. Even though these characteristics have a correlation with 
adherence, they are not able to differentiate very well between patients who adhere to their treatment and those who do not 
[38,39]. As a consequence of this, the most accurate adherence-prediction models, which are those that are based on standard sta-
tistical approaches, yield at best a modest accuracy of 0.65 [40]. Because of advancements in the processing power, memory, and 
storage capacity of computers, it is now feasible to carry out more complex learning tasks using machine learning (ML) and deep 
learning approaches. The use of variable selection algorithms and the analysis of nonlinear associations between predictors and out-
comes, as well as deep interactions among predictors, have both contributed to the improvement in prediction made possible by the 
new methods. For example, the selection of essential variables does not need to adhere to any particular criterion or undergo any 
linearity checks, both of which might be helpful for modeling a behavior as complicated as MA [41]. 
 

2. Related Work 
The author of [48] conducted a research that compared the ANN classification algorithm with the SVM classification method, bas-
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ing their findings on the Positive Predictive value (PPV) of cardiovascular illnesses. Their data came from a selection of three hospitals 
that were all associated with the AJA University of Medical Sciences in Iran. There are a total of 1324 occurrences and 25 characteris-
tics included in the sample. The sample consists of medical records of coronary artery disease patients who were admitted to one of 
the three hospitals indicated between March 2016 and March 2017, and the sample spans the time period from March 2016 to 
March 2017. The variables described in the Cleveland heart disease data policy in the UCI machine learning repository served as the 
basis for the collection of the data. Several procedures, including data preparation, integration, cleaning, normalization, and reduc-
tion, were used in order to exercise control over the data that were obtained. After the data were imported into SPSS (version 23.0) 
and Microsoft Excel 2013, statistical computation was carried out using R 3.3.2. The sample was cut such that 70 percent would be 
used for training the algorithm and 30 percent would be used for testing it. The findings of their studies demonstrated that the SVM 
method exhibited more accuracy and better performance than the ANN model, and it was distinguished by higher power and sensi-
tivity. [Citation needed] [Experimental results] The author of [49] developed a framework for the prediction of cardiac illness that 
was based on the RF method in machine learning and used Python. For the training and testing of the algorithm, they used the 
Cleveland heart disease datasets that were acquired from the machine learning repository at the University of California, Irvine. This 
sample was comprised of 303 instances and 76 features when it was first collected; however, after preprocessing and the hand selec-
tion of attribute features, only 9 features were used. Seventy-five percent of the sample was used for the training of the algorithm, 
while the remaining twenty-five percent was put to use for testing. Visual Studio Code was used to create a graphical user interface 
(GUI), which was then applied to the task of visualizing the trials. During the classification process, an RF classifier was used, and as a 
result, an accuracy of 97.56 percent was achieved. The diagnosis of heart disease was broken down into four (4) phases depending 
on the percentage of arterial blockage; the existence of heart disease is indicated when the percentage of artery blockage is more 
than fifty percent. Because fifty percent of artery blockage is still considered normal or absent in patients without heart disease, this 
model was not able to identify heart disease in its early stages. The author also conducted a comparison study on the prediction of 
heart disease using support vector machine, decision tree, and k-nearest neighbor algorithms and presented their findings in [50]. 
For the purposes of both training and testing the system, they made use of the VA Long Beach dataset that they had got from the UCI 
machine learning repository. This dataset has 270 instances and 12 characteristics. The accuracy, sensitivity, and specificity of the 
model were examined using a confusion matrix for the purpose of evaluation. Support Vector Machine (SVM) fared better than KNN 
and DT in categorizing heart disease patients, with an accuracy of 92 percent, sensitivity of 100 percent, and specificity of 83 percent, 
according to the findings of their experimental work. 

 
Using a Multi-Layer Perceptron Neural network (MLP) with back propagation as the training technique, the author of [51] pre-

sented a diagnostic system for predicting cardiac illness. This system would use back propagation. Sensitivity, specificity, precision, 
and accuracy were the metrics that were used to assess the produced system's overall performance. For the purposes of both model 
training and testing, the Cleveland data from the UCI machine learning repository was used. This data set includes 303 occurrences 
and 76 characteristics. A preprocessing operation was done on the data, and it removed the six cases that had missing values. Only 
14 of the 76 characteristics were considered to have any significant bearing on heart disease. The MLP-NN suggested model showed 
a high accuracy of 93.39 percent for 5 neurons in the hidden layer with a running duration of 3.86 seconds in the prediction of heart 
disease. These results are based on the tests that were carried out. The author of [52] introduced a machine learning-based method 
for detecting heart disease utilizing sam-pling methods to handle imbalanced datasets. This method was successful in identifying a 
significant number of cases. Adaptive Synthetic Sampling Approach, Random Over-Sampling, and Synthetic Minority Over-Sampling 
(SMOTE) are some of the sampling strategies that were used in this study (ADASYN). For the purposes of both the training and test-
ing of the system, Framingham datasets downloaded from the Kaggle website were used. These datasets include 4239 occurrences 
and 15 characteristics. The objective was to determine, on the basis of these characteristics, whether or not a patient had a 10-year 
risk of developing coronary heart disease in the future. LR, KNN, AdaBoost, DT, NB, and RF are some of the machine learning algo-
rithms that were used here. These classification algorithms' performances were analyzed by measuring their precision, recall, and 
accuracy, and the results were quantified and compared. Each of these factors might change depending on the kind of sampling me-
thod that was carried out. According to the findings of their experiments, the SVM classifier combined with the Random OverSam-
pling approach performed the best in the prediction of heart disease, with an accuracy of 99.99 percent. However, RF did better with 
the SMOTE approach, achieving a level of accuracy of 91.3%, while both DT classifier and RF fared better with the ADASYN technique, 
achieving a level of accuracy of 90.3%. Therefore, the classification accuracy of this strategy was mainly relied on the sampling pro-
cedures, which are not always required in all kinds of datasets. This is because sampling techniques are not always essential. 
 

The author of [53] constructed a model for predicting individuals who will be diagnosed with coronary artery disorders by employ-
ing a combination of data mining approaches that were descriptive and predictive (CAD). We utilized datasets received from a medi-
cal center that had a total of 282 patients and 58 different characteristics. The data were preprocessed to get rid of any missing val-
ues and any extreme values that stood out. The K-means algorithm was selected as the clustering method (descriptive), while several 
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classification algorithms, such as CHAID, Quest, C5.0, C & RT-DT, and ANN were chosen as the prediction techniques. K-means was 
selected as the clustering approach (descriptive). When all of the datasets were considered, the results of their experiments showed 
that the C & RTDT algorithm seemed to be the most accurate in predicting CAD, with an error rate of just 0.074. Nevertheless, the 
findings that were obtained for each of the three groups were distinct. In clusters 1 and 2, the performance of C & RT-DT was supe-
rior, with error rates of 0.022 and 0.023 respectively. During the time spent in cluster 3, the CHAID method seemed to be the best-
performing classifier with zero errors. The accuracy of the forecast is dependent on the characteristics of the heart disease as well as 
other variables; nevertheless, having an excessive number of characteristics, such as the one shown here (58), may lead to incorrect 
predictions. The author of [54] conducted a comparison analysis on several data mining categorization methods, including some of 
the most often used ones. They are the K-Nearest neighbor (KNN) algorithm, the Support Vector Machine (SVM), and the Artificial 
Neural Network (ANN) algorithm utilizing MATLAB multilayered feed forward back propagation. The UCI machine learning repository 
provided the data for this study, which consisted of 303 instances of Cleveland heart disease data and 76 characteristics. After doing 
data cleaning to eliminate records that included a large number of missing values, the size of the data set was reduced to 270 in-
stances with just 13 characteristics. The first half of the data was utilized to train the models, while the remaining half was used for 
evaluating the models. The results of their experiments indicated that SVM performed better than both KNN and ANN in terms of 
accuracy of classification, with SVM coming out on top with 85 percent, while KNN fared slightly better than ANN with 82 percent, 
which was about 73 percent. 

 
A Neural Network-based prediction of coronary heart disease risk using feature correlation analysis (NN-FCA) was developed by 

the author in [55]. This method has two stages: feature selection and feature correlation analysis. The KNHANES-V1 dataset was cho-
sen in the first phase of the system process, and statistical analysis was carried out in the second step to determine the characteris-
tics that are associated with an increased risk of coronary heart disease. The third phase was the identification of predictors of the 
risk of coronary heart disease using a feature sensitivity-based feature selection. In the fourth phase, Neural Network (NN)-based 
coronary heart disease risk predictors were developed using feature correlation analysis of features. These predictors were then 
tested. The fourth phase was the validation of NN-based coronary heart disease risk estimates via the use of feature correlation 
analysis. Performance metrics were taken. The KNHANES-V1 study, which was carried out by the Korean Center for Disease Control 
and Prevention, was used to collect the datasets. The total number of cases in the sample is 8108, however ambiguity led to the eli-
mination of 3324 of those instances. And 630 of those cases involved people younger than 30 years old. As a consequence, there 
were 4146 occurrences of coronary heart disease in the sample that was generated. Age, gender, cholesterol levels, blood pressure, 
and a variety of other relevant characteristics were included as training variables for the model. High blood pressure, abnormal cho-
lesterol levels, cardiovascular disease, including myocardial infarction, and angina were the output variables. When these five risk 
factors are absent, the likelihood of coronary heart disease is minimal. However, coronary heart disease is at an increased risk when-
ever one of these five risk factors is present. The statistical analysis was carried out using the most recent version of IBM SPSS (22.0). 
The performance of the classifiers was compared using the Confusion Matrix and the Receiver Operating Characteristics (ROC). Ac-
cording to the findings of the experiments, the NNFCA model was just as accurate in predicting coronary heart disease as the FRS 
model. When compared to the validation of the FRS for the Korean population, the ROC curve produced by the NN-FCA model was 
much larger, and the coronary heart disease risk prediction it produced was significantly more accurate. Other relevant indications, 
such as diabetes, cholesterol level, and others, that could be a sign of high risk of heart disease but are not added into the model 
may lead to late prediction of the illness's presence. Fuzzy C Means classifier was used in the model that was reported in reference 
[56] to estimate the risk of patients having a heart attack. The model was given the title "Heart Attack Prediction using Data mining 
Techniques." The Fuzzy C means is a machine learning clustering approach that is unsupervised and allows for one piece of data to 
belong to two or more clusters at the same time. The machine learning repository at the University of California, Irvine (UCI) was the 
source of the datasets that were used in the training and testing of the model. There are a total of 270 cases and 73 heart disease 
characteristics included in the sample size; however, only 13 of them were used for the purpose of heart attack prediction. A prepro-
cessing step was taken in order to get rid of any missing data values. The outcomes of the classification experiments that were car-
ried out revealed that the suggested classifier, known as Fuzzy C Means, obtained higher levels of accuracy than the majority of the 
other classification algorithms that are currently in use. 
 

Author studied the case of predicting the risk of cardiovascular diseases (CVDs) by comparing Auto Machine Learning techniques 
against a graduate student using several important metrics, including the total amount of time required for building machine learning 
models and the final classification accuracies on unseen test datasets. In [57], author studied the case of predicting the risk of CVDs 
by comparing Auto Machine Learning techniques against a graduate student. They presented a model known as Auto-SKlearn, which 
was inspired by Scikit-Learn, one of the most well-known generic machine learning toolboxes. Their model makes extensive use of 
the Scikit-learn toolbox's machine learning classifiers and the preprocessing procedures it provides. LR, SVM, RF, Boosting, NN, and 
KNN are some of the classifiers that are used here. Auto-SKlearn begins by selecting a suitable set of data preparation processes, 
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such as the imputation of missing values, based on the training data. After that, it transfers the processed data to a feature 
processing block, which further normalizes the data or decreases the dimensions of the data using common procedures, principal 
component analysis. At last, the datasets are sent on to the estimator block, which chooses and trains machine learning algorithms 
to predict desired outputs from input data samples. This is done by passing the data samples on to the block. Training, testing, and 
assessment were carried out on two separate datasets each pertaining to cardiovascular disease. The datasets on Cleveland heart 
disease were obtained from the machine learning repository at the University of California, Irvine. These datasets had 303 cases and 
76 attributes, but researchers only utilized 13 of them. The other datasets were CVD data, and they had 70,000 cases and 11 charac-
teristics. The source of the data was not identified. For the sake of the studies, each category of the dataset was divided into three 
parts: the training set, the validation set, and the testing set. One hundred of the 303 instances of the UCI data were used for testing, 
while the remaining 203 were used for training and validation. The Kfold cross validation technique was selected as the one to use. 
14,000 of the 70,000 records of the CVD data were used for testing, while the remaining 56,000 records were used for training and 
cross validation. It took the graduate student a significant amount of time (432 hours for UCI data and 360 hours for CVD datasets) to 
develop comparable classifiers, but the Auto-ML model only required 30 minutes to build a competitive classifier for each dataset. 
This is in contrast to the amount of time it took the graduate student to develop similar classifiers. It takes the Auto-ML model an 
unacceptable amount of time, which is thirty minutes, to construct a classifier. Using NB and DT algorithms written in Python, the 
author of [58] suggested a method for predicting cardiac disease that was based on machine learning approaches. The datasets that 
included the 13 heart disease characteristics were downloaded from the Kaggle website and utilized for the training and testing of 
the model. For the simulation, an additional dataset was taken from the machine learning repository at UCI. The environment of Sci-
py was used to test the suggested model when it was developed. When it came to the prediction of cardiac diseases, the results of 
their studies indicated that the DT algorithm performed much better than the NB. Their research suffered from a number of flaws, 
the most notable of which were insufficiently described datasets, a lack of access to actual tests, hazy results, and an incorrect me-
thod for selecting features. 

 
A framework for the prediction of cardiac disease was provided by the author in [59]. This framework was given the name "Hybri-

dization," and it incorporated multiple different machine learning algorithms into a single model. During the procedures of model 
training and testing, the Cleveland datasets that can be found in the online machine learning repository of the UCI were used. These 
datasets are comprised of 303 occurrences and 14 characteristics. Preprocessing of the data was done in order to minimize the num-
ber of characteristics from 14 to 12. In the process of predicting heart disease, a wide variety of classification algorithms were used, 
including NB, SVM, KNN, NN, J48, RF, and GA. These algorithms' levels of accuracy, sensitivities, and specificities were taken into con-
sideration. They were executed in succession on the same dataset and set of characteristics that were being used. The findings of the 
studies showed that NB and SVM performed better in the prediction of heart disease with an accuracy of 89.2 percent. The author of 
the paper [60] built a machine learning-based hybrid intelligent system framework for the identification of heart disease patients by 
using seven of the most common classification algorithms and the programming language Python. KNN, ANN, DT, SVM, NB, LR, and 
MLP are all part of this group. For the purposes of both model training and testing, the Cleveland dataset was used. This dataset has 
303 occurrences and 76 characteristics. On the data, they used a cross validation method with 10 different iterations. The best heart 
disease connected characteristics were chosen with the use of feature selection algorithms such as Relief, Min-imalRedundancy-
Maximal-Relevance (mRMR), and Least Absolute Shrinkage and Selection Operator (LASSO). The data were preprocessed to get rid of 
the occurrences that had significant amounts of data missing. This brought the total number of instances down to 297, and there 
were only 14 features used. After using the feature selection algorithms, the characteristics were narrowed down to only six that 
were connected to heart disease. In order to find the model that had the highest overall performance, they put each of the classifiers 
through their paces using any of the available feature selection strategies. The results of their experiments indicated that the SVM 
combined with the LASSO feature selection technique seemed to be the combination that performed the best when compared to the 
various other feature selection algorithms and classifiers. If the characteristics of heart disease were reduced to only six, the resulting 
classification accuracy would be incorrect since many important characteristics would be left out. 
 

3. Methodology 
Literature suggests three workflows for machine learning-based heart disease detection. Machine Learning Framework-A, Frame-

work-B, and Framework-C [61] are the 3 workflows. Categorization depending on ML data types. 
 

3.1 Different ways to diagnose heart disease and frameworks for machine learning 
Figure 1 displays the different ways that heart diseases can be diagnosed. In contrast to CA, NI has a number of ways to diagnose 

heart disease.
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Figure 1. Methods for detecting heart problems [61] 

 
Non-invasive (NI) approaches may create a variety of datasets that can be used to construct machine learning (ML) frameworks for 

the prediction of cardiac disease. This kind of framework may be classed as: 
 

The ML Framework-A: A wide range of clinical factors, including demographic data, symptoms and examinations, laboratory tests, 
and many more, are used. A relational database stores these records. This framework includes datasets with numeric, category, or 
binary domain attributes. 

 
Figure 2. Machine Learning Framework-A [61] 

 
ML Framework-B detects heart illness using cardiac signals. Heart signals are electrical and audible. This framework employs Elec-

trocardiograms (ECG) or Phonocardiograms as raw cardiac signals (PCG). MIT-BIH (for ECG) and 2016 Physio Net/Computing in Cardi-
ology (CinC) Challenge are examples (for PCG). 

 
Figure 3. Machine Learning Framework-B [61] 

 
ML Framework-C employs pictures of hearts in its documentation. Echocardiography, X-ray imaging (Computed tomogr-aphy (CT)), 

cardiac computed tomography (CCT), nuclear imaging, single photon emission computed tomography (SPECT), scintig-raphy, positron 
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emission tomogr-aphy (PET), etc. are used to produce these pictures [65].

 
Figure 4. Machine Learning Framework -C [61] 

 
3.2 Machine-learning datasets for heart disease detection 
Data pertaining to patients who have heart disease are made accessible in a variety of formats inside the electronic health record 

[66]. In general, both clinical and physiological indicators are included in the cardiac data collection. Symptoms, demographic infor-
mation, electrocardiograms (ECGs), characteristics of echocardiograms, and the results of lab examinations are some of the compo-
nents that might make up a typical cardiac data set [67]. UCI is a fantastic place to look for data like these [68–71]. Perfusion imaging 
is performed before coronary angiography (CA), and it produces a significant amount of data for cardiologic imaging using single pho-
ton emission based computed tomography (SPECT) [72]. At the University of California, Irvine, a data collection pertaining to SPECT is 
accessible under the names SPECT and SPECTF. In SPECTF, there are 44 different variables, however in SPECT, the number of variables 
has been cut down to 22. In the image dataset known as SPECTF, all of the variables have been preprocessed to have a continuous 
integer domain with values ranging from 0 to 100, while in the image dataset known as SPECT, the variables have been preprocessed 
to be binary [73]. The electrocardiogram is the most crucial piece of data that may be affected by arrhythmia. The identification of a 
cardiovascular disease (CVD) may be accomplished by the categorization of an electrocardiogram (ECG). [74] Approaches such as 
threshold-based methods [75], methods based on digital filters, and discrete wavelet transforms [28] are often used in the process of 
heartbeat detection. The MIT-BIH arrhythmia dataset is the most popular source of ECG data that is utilized in the process of medical 
data mining [22]. The diagnosis of cardiac illness may be accomplished quickly and accurately by employing machine learning algo-
rithms in conjunction with heart sound data [28]. Phonocardiograms are used to display information on heart sounds (PCG). PCG 
data are stored in a well-known repository called the 2016 PhysioNet/Computing in Cardiology (CinC) Challenge [76]. The UCI data 
collection contains eight different data sets that are connected to cardiac conditions. R. Alizadehsani et al. (2019) give detailed survey 
datasets linked to CVDs in a study that encompasses 68 databases [11]. This research was conducted in the United States. Recent 
research, notably those using deep learning [77–79], has been able to successfully segment and classify acoustic data. The data sets 
that are accessible for cardiac disorders range in size from 20 samples to 24 thousand samples, and the number of features may be 
anywhere from 9 to 55. The sample size that is considered to be the norm, however, is 350, and there are 9 numbers of features. The 
Cleveland data set, which can be found in the machine learning repository at UCI and has a sample size of 303 and a features size of 
13, is by far the most popular and widely used data set [11]. The Cardiovascular Health Study, often known as CHS, is a vast reposito-
ry of heart data that has 5888 samples and a significant number of features. It was produced for the prediction of heart stroke. Dif-
ferent numbers of samples and attributes were utilized by the researchers that examined this dataset. In a study, the CHS was used 
as a data set with 4988 examples and 796 features after preprocessing by Khosla et al. (2010) [80], while Tay et al. (2014) [81] used it 
with 5888 instances and 355 features before preprocessing the data. Following preprocessing, the number of examples was cut down 
to 4612, and the following analysis only used 272 characteristics. 
 

3.3 Heart disease diagnosis using machine learning 
In this part, a variety of machine learning frameworks, along with the models and techniques that belong to each of those frame-

works, are addressed. Techniques and procedures that are considered cutting edge are dissected and contrasted across all machine 
learning frameworks. First, a broad explanation of machine learning will be offered, and then we will go on to discussing the specifics 
of the various machine learning techniques. Machine learning may be broken down into many major categories, including supervised 
learning, unsupervised learning, learning by reinforcement, and active learning [82]. Both supervised and unsupervised machine 
learning have a significant body of research in the medical area. The present investigation focuses on categorization, which is a tech-
nique to machine learning that requires human supervision. Classification is a process that involves developing or learning a mapping 
or connection via the use of experience gained from training data, followed by categorizing testing data using the same model or 
mapping or relation. A machine learning model that makes use of classification is defined in a way that is both succinct and compre-
hensive by Equation 1. Let it be assumed that a data collection, denoted by the letter "D," is characterized by a feature set, denoted 
by the notation "A=A1, A2...Am," and a sample set, denoted by the notation "S=S1, S2...Sn," with m features and s samples respec-
tively. Let us further suppose that a machine learning framework may be characterized by a model L that accurately predicts the class 
C. Let us proceed with this assumption (Q). When evaluating the accuracy of the prediction, performance measure (P) is used in such 
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a manner as to minimize the amount of error (Err) across all training samples while in the training phase and across all testing sam-
ples while in the testing phase [83]. 

 
 

There are a variety of metrics that may be used to evaluate performance, including accuracy, specificity, sensitivity, recall, preci-
sion, and area under the curve (AUC). These performance measurements serve as a comparison operator between the many ma-
chine learning models that are available, such as decision trees (DT), support vector machines (SVM), artificial neural networks 
(ANN), k-nearest neighbor (k-NN), Bayesian classifiers, and so on. 
 

3.4 Recent Methodologies Applied to the ML Framework-A 
Preprocessing seems to be an abstract stage shared by all types of frameworks with distinct concrete capabilities. Structure A is 

shown in Figure 2. In preprocessing, missing values are filled in and the data is normalized. Min-max normalization is a typical ap-
proach for filling missing values using instance mean during normalizing [84]. The second key phase in the framework is feature se-
lection, which speeds the process of developing a machine learning (ML) model, resulting in enhanced efficiency and accuracy [85]. 
Principal component analysis (PCA) has been employed in several recent studies of heart disease prediction [12] for feature selec-
tion. A very recent and comprehensive study has been given for data pre-processing during cardiac disease categorization [86]. The 
subsequent step is classification, which is carried out using a number of classifiers, including decision trees, Bayesian classifiers, ar-
tificial neural networks, and support vector machines. Zhou et al. (2021) [85] used feature weight-based feature selection and classi-
fication through decision tree. In preprocessing, several approaches, like kmean and ReliefF, are used. Karaolis et al. (2010) [87] ex-
amined the risk of coronary heart disease using a decision tree, and classification rules were retrieved by selecting the most signifi-
cant risk prediction component. Alizadehsani et al. (2013) [67] presented a very informative dataset for the prediction of cardiac dis-
ease. Using 10-fold cross validation, Sequential Minimum Optimization (SMO) Bagging, a training method of SVM, ANN, and Nave 
Bayes algorithms, is trained and evaluated, and it is discovered that SMO bagging has the greatest accuracy. 
 

Table 1. Some Recent Applied to the ML Framework-A [61] 

Reference Data Set # of (features, samples) Classifers Accuracy 

[85] 
SPECT(heart) (23, 267) 

DT 
67.44 

SPECTF (44, 267) 71.14 
Statlog (13, 270) 72.74 

[83] Cleveland heart (303, 14) 

FAMD-LR 91.8 
FAMD-kNN 90.16 
FAMD-SVM 91.8 
FAMD-DT 81.96 
FAMD-RF 93.44 

[87] Dept of Card.PGH,  
Cyprus  

(14, 1500) DT 75 

[90] Statlog(heart)  (13, 270) ANN-CAPSO 81.85 
[67] Z-Alizadeh Sani  (54, 303) Bagging SMO 94.08 

 
 

It has been noted throughout the course of the previous decade that hybridizing machine learning methods with a metaheuristics 
approach for the purpose of medical diagnosis, particularly in the prediction of heart illnesses, led to improvements [91]. When a 
single hidden layer Feed forward Neural Network was trained using Competitive Swarm Optimization and Extreme Machine Learning 
[88], these kinds of gains were seen. In an ensemble fuzzy boosting strategy for classification, the Particle Swarm Optimization algo-
rithm was used to improve accuracy in heart disease prediction [89]. In Table 1, we included some recent noteworthy research that 
adhere to the approach of the ML Framework-A. The reference to the study, the name of the dataset that was used, the number of 
features, the number of samples, the name of the classifier, and its performance metrics are all included in the table, which is orga-
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nized according to Equation 1. 
 

3.5 Recent Methodologies applied to the machine learning framework-B  
Electrocardiographs (ECG) and phonocardiograms (PCG) are diagnostic tools that use electrical and sound signals, respectively, to 

depict the physiological state of the heart [79]. Classification of an electrocardiogram (ECG) is a multi-step procedure that begins with 
preprocessing and continues through segmentation, feature extraction, feature selection, and finally classification [92]. Preprocess-
ing, which includes filtering and segmentation, is the first phase in the PCG signals classification process [77]. The next step is feature 
extraction, and then the last step is classification. Figure 3 provides a combined workflow of the process that is utilized for the cate-
gorization of signal data. Framework B is illustrated in this figure (ECG and PCG). In Table 2, an approach known as ML Framework-B 
is used to provide a summary of some more recent research that summarize ECG and PCG data. The reference number for the study 
effort, the name of the data set, the primary preprocessing tasks that were completed, and the names of the classifiers with the best 
accuracy, sensitivity, and specificity are all included in the table. In the next two subsections, a short explanation is provided for re-
cent research that used ECG and PCG categorization. 
 

Table 2. Some Recent applied on ML Framework-B [61] 

Reference Data Set Pre-processing Classifers Accuracy 

[75] 
MIT-BIH  

Shot Time Fourier  
Transform (STFT) CNN 99 

[93] 

MIT-BIH  

Welsh method,  
Discrete Fourier  
Transform(DFT)  

GA-SVM 98.85 

[94] MIMIC-II 

Gaussian curve  
fitting, Singular  

Value  
Decomposition  

(SVD) 

SVM * 

[95] Long Term ST Database 
Cut of Freq  
0.3 Hz (LPF)  
20Hz(HPF)  

SVM 99.2 

[96] PhysioNet 2016 challenge HSMM  RF 85 
 
 

3.5.1 Methodologies involving ECG  
When compared to ML Framework-A, ML Framework-B consists of a greater number of individual stages. Preprocessing, segmen-

tation, feature extraction, feature selection, and classification are all a part of it. In this particular research endeavor, the processes of 
preprocessing and segmentation were grouped together as one step. During preprocessing of an electrocardiogram (ECG), one of the 
most important tasks is to identify and reduce frequencies that are linked with artifacts. Because indiscriminate and adaptive filters 
may sometimes warp the true shape of data, wavelet transformations have been more popular as a preprocessing technique in re-
cent years [99]. In the preprocessing of ECG data, some recent research [97, 98] used the use of high pass filters, low pass filters, 
band rejection filters, base line wander filters, and notch filters. Before beginning the segmentation process, normalization and aug-
mentation of the QRS complex are carried out [50]. A signal is broken up into its component parts, or segments, so that it may be 
studied more effectively [100]. Segmentation is the process that does this. 

 
The part of the ECG classification process known as feature extraction is highly critical. Common characteristics of an electrocardi-

ogram include the length of the P wave, the PQ/PR/QT interval, the width of the QRS, the amplitudes of the P/T/QRS, and the ST lev-
el. However, the RR interval is the characteristic that is used most often in machine learning [99]. The Pan-Tompkins technique is of-
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ten used to the task of analyzing R peaks, which is eventually necessary for the identification of RR intervals and QRS [101]. Both 
temporal characteristics and morphological features were offered by Das and Ari (2014) as two primary kinds of extracted features. 
Temporal characteristics are calculated using RR intervals, whereas other features are calculated using the S-transform or the wavelet 
transform. The process of feature extraction was carried out by Pawiak (2018) [93] using the power spectral density technique, the 
Welch method, the periodogram, the Fourier discrete transform method, the Hamming window, and a series of logarithms of signals. 
The next step in framework-B is the feature selection stage, which aims to identify the characteristics that are the most relevant. The 
characteristics that were chosen to be included in the categorization helped to increase its accuracy while also accelerating the 
process. In a research conducted by Song et al. (2006) [102], the authors found that the performance of an SVM classifier could be 
improved using linear discriminant analysis (LDA) by categorizing ECG signals. As a result, they were able to reach a maximum accu-
racy of 99.88 percent. The genetic algorithm was employed as a feature selection method by encoding genes with a value of 0 to 
indicate a refusal to accept a particular feature and a value of 1 to indicate acceptance of the feature. After the feature selection is 
complete, the ECG signals are classified using support vector machines, k-neural networks, probabilistic neural networks, and radial 
basis function neural networks [93]. In a separate piece of research conducted by Dalal and Vishwakarma (2020), [103] the evolutio-
nary algorithm is used to optimize the kernel extreme machine. These days, deep learning techniques are also demonstrating their 
efficacy in the categorization of electrocardiograms (ECGs). In contrast with 1-D CNN, Huang et al. (2019) [75] introduced an electro-
cardiogram (ECG) classification system that was built on a 2-dimensional convolution neural network (2-D CNN), and they obtained a 
considerable classification accuracy of 99.00 percent (90.93 percent ). The need for preprocessing has been drastically cut down 
thanks to deep neural networks. 
 

3.5.2 Methodologies involving PCG  
Phonocardiography is a very fundamental approach for identifying the sounds that the heart makes. Phonocardiograms, often 

known as PCGs, are the results of recordings made using phonocardiography. An ancient but well-known non-invasive approach for 
diagnosing cardiac conditions is called auscultation, and it involves listening to the sounds that the heart makes [79]. The ausculta-
tion of the heart sound calls for a significant amount of experience and skill [104]. Recent years have seen the emergence of auto-
mated categorization of heart sound waves as a prospective study subject in artificial intelligence [105]. The segmentation of sounds, 
the extraction of features, and the categorization of sounds that come from the heart are the three steps that make up the classifica-
tion process. An electrocardiogram (ECG) recording is segmented into a series of basic heart sound signals during the heart sound 
segmentation process (FHSs). The first and second fundamental heart sounds, or FHSs, occur at the beginning of systole and the be-
ginning of diastole, respectively [78]. Sound segmentation is performed with the assistance of an ECG reference [106] in order to 
locate any additional sounds or murmurs that may be present between the periods S1-S2 (systole) or S2-S1 (diastole). 

 
In research that was conducted by Chen et al. (2017) [28], the identification of first heart sound, second heart sound, third heart 

sound, and fourth sound segmentations are discussed with references to different time segments of ECG. By giving characteristics for 
the envelope, one may prevent the interference caused by noise. These are referred to as the harmonic envelope, the Hilbert 
envelope, the wavelet envelope, and the Power Spectral Density (PSD) envelope, respectively. After that, the duration parameters 
eHR and eSys are determined by using the envelope feature in conjunction with some autocorrelation analysis of PCG [78]. Feldman 
and Braun and Liang and colleagues have contributed some preliminary work to the field of sound segmentation [107], [108]. Mag-
logiannis et al. and Schmidt et al. have recently carried out this research [109], [110]. The process of extracting features requires the 
collection of distinguishing characteristics. The classifier will ultimately make use of the characteristics in order to assign categories to 
the sound signals. The PCG classification uses either time or frequency as the basis for the characteristics that are retrieved [111, 
112]. There have been recent developments in feature extraction approaches that include both the domain and the time-frequency 
domain [113–115]. Following the steps of sound segmentation and feature extraction, respectively, the following step (which is also 
the last step) in the sound classification approach is training using the features that were extracted in order to predict the label of the 
sound signals. Various classifiers have been put up as potential solutions for the classification [96, 116]. For PCG classification, the 
deep learning technique employing convolutional neural networks was shown to perform better than decision trees, Bayesian clas-
sifiers, artificial neural networks, and support vector machines. 
 

3.6 Recent Methodologies applied on machine learning framework-C  
X-ray computed tomography (CT), echocardiography, cardiac computed tomography (CCT), cardiac magnetic resonance (CMR), 

nuclear imaging, single photon emission computed tomography (SPECT), scintigraphy, and positron emission tomography (PET) are 
all part of the multimodal nature of cardiovascular imaging [117]. Radiologists are seeing a paradigm shift thanks to automated car-
diovascular image processing, which also helps speed up the identification of heart issues [65]. The procedures involved in image 
categorization using ML framework-C are broken down and summarized in Figure 4. Echocardiography is primarily a cost-effective 
imaging method that may be performed. The picture obtained from echocardiogram undergoes preprocessing, which consists of 
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reducing the noise in order to provide a smoother appearance. During the preprocessing stage, any extraneous artifacts are elimi-
nated, and the area of the picture that includes the heart is chosen. The subsequent step is the extraction of characteristics such as 
the mean, standard deviation, entropy, and texture features, and the last step is the performance of picture classification [118]. In 
scintigraphy and SPECT, perfusion abnormalities may be identified by the use of some kind of correlation computation in both resting 
and stressful pictures. In most cases, perfusion may be identified with the use of some color thresholding. Following that, feature 
extraction and segmentation are carried out, and this is done just before feature ranking. Feature ranking is a process that is similar 
to feature selection in that it first ranks various features according to their discriminative property and then selects the best compact 
extracted feature subset [119]. Feature ranking is a process that is used to select the best compact extracted feature subset. The exis-
tence of cardiac disease may be determined by abnormal imaging [72]. 

 
Pictures obtained using echocardiography primarily focus on quantifying chambers, measuring ejection fraction and strain, captur-

ing images of valves, and assessing the heart's overall function [117]. When doing echocardiography, ultrasound imaging may be 
used to get a picture of arteries that have been damaged by atherosclerosis, which is a condition that can eventually lead to coronary 
heart disease [120]. In the fields of AI and ML, ultrasound imaging is an extremely widespread, low-cost, highly reliable, and non-
invasive approach [121]. In their 2015 study, Sudarshan et al. examined and gave a short explanation of commonly utilized clinical 
and non-clinical aspects, as well as current investigations of the features that were used to diagnose myocardial infarction [119]. 
CMR is utilized to measure the function of the heart as well as the volumes of the heart in a more accurate manner. Tan et al. (2018) 
employed an artificial neural network (ANN) based entirely automated short axis and long axis information to segment the left ven-
tricle picture [122]. This led to the enhanced diagnosis of cardiovascular disease, which eventually increased the study's effective-
ness. The jaccard index, a tool that measures the degree to which two picture subjects are same, was chosen as the performance 
metric for this research. AI-based CCT techniques are used in the detection of quantification of the arterial plaques, flow of blood, 
and coronary artery cal-cium scoring [117]. When it came to building an ML model to identify obstructive coronary artery stenoses, 
researchers found that AdaBoost performed much better than Naive Bayes and Random Forest in terms of accuracy, sensitivity, and 
specificity as well as the ROC curve [123]. 

 
Both PET and SPECT make use of the same approaches in order to identify cardiovascular problems via the use of cardiovascular 

imaging. A cardiac image data set was created for public use like that of UCI based on the results of a fairly recent research that em-
ployed stress and rest pictures of 192 patients. SPECT imaging was used in conjunction with both a knowledge-based classification 
model and a deep learning-based model for the purpose of identifying perfusion anomalies. Both models have been shown to have a 
sensitivity of one hundred percent, although deep learning performed better in terms of accuracy. The shallow features, on the other 
hand, take precedence over the deep features. 
 

Table 3. Some Recent Studies applied on ML Framework-C [61] 

Reference Techniques Imaging Accuracy 

[72] Deep Learning  
SVM  SPECT  93 

[120] Random Forest Echocardigraphy * 

[122] Neural network  
regression CMR * 

[118] BPNN Echocardiography 87.5 

[123] AdaBoost, PCA  CCT 70 

 
 

The SVM was responsible for the creation of the shallow features. In a nutshell, the research was able to attain greater accuracy by 
combining the traditional machine learning model with the deep learning model [72]. A comprehensive analysis of the many classifi-
cations used for cardiovascular images is beyond the purview of this paper. On the other hand, an overview of current research on 
cardiovascular imaging and the prediction of heart disease is provided in Table 3. The reference number of the study article, metho-
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dologies used for classification, the kind of imaging, accuracy, sensitivity, specificity, and some other performance indicators are in-
cluded in the table. The p value, area under the curve (AUC), amount of time required to develop the model, and jaccard index are 
these measurements. If the value of p is less than or equal to 0.05, then the findings may be considered to be statistically significant. 
If the value of the area under the curve (AUC) is close to 1, then the classification is good, but it is deemed to be bad if it is less than 
0.5. The jaccard coefficient is used in [122] to assess how similar the cardiac images are to one another. 
 

3.7 MIFH: A Machine Intelligence Framework for Heart Disease Diagnosis 
The purpose of developing a machine intelligence framework for the diagnosis of heart disease is to increase the survival rate of 

patients through the accurate, precise, and early detection of disease in order to potentialize the system in predicting heart disease 
in order to increase the survival rate of patients. The purpose of this project is to provide an automated solution that will aid medical 
professionals, namely radiologists, in making diagnoses and choices with more accuracy and certainty, all while reducing the amount 
of time spent on analysis. Due to the highly variable nature of medical data, pre-processing of medical datasets is an important step 
that should not be skipped. The framework includes both the extraction of features and the analysis of the effect that machine learn-
ing prediction models have. The selection and reduction of features, as well as the creation of brand new features, are all included in 
the process of "extracting" features. The goal is to develop a machine intelligence framework for the identification of heart illness, 
with the primary emphasis being placed on the process of label predication for the UCI Cleveland heart disease dataset. Because the 
Cleveland dataset is of mixed type and comprises both numeric and categorical variables, factor analysis of mixed data (FAMD) is an 
appropriate method for obtaining those features. During the training of the models, both the extracted features and the generated 
features are used in order to classify normal participants and cardiac patients [124–131]. Figure 5 presents a schematic depiction of 
the process, which is presented in detail in order to improve comprehension of the proposed framework MIFH. 

 
Figure 5. MIFH: A machine intelligence framework for Cleveland heart disease dataset [62] 

 
The MIFH framework is comprised of a number of processes, the most important of which are the following: data imputation and 

partitioning; feature extraction via FAMD; feature normalization; machine learning approach; and performance metric evaluation. 
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4. Discussion 

As can be observed from the recent works that are reviewed and emphasized in this paper, the use of machine learning techniques 
has made a significant contribution to the development of automated methods for the detection of cardiac disease. There are three 
different types of data that can be used to construct a machine learning model: I data based on clinical parameters and physiological 
parameters, (ii) data based on signals, and (iii) data based on images of the heart. Each of these three types of data can be used to 
build the model. This review research presents and discusses three different machine learning frameworks, each of which corres-
ponds to one of these kinds. The preprocessing involved in framework A is far less complicated than that involved in frameworks B 
and C. Machine learning algorithms such as ANN, SVM, KNN, DT, and Bayesian classifiers operate well when given physiological and 
clinical data as well as ECG signals. Table 1 displays and provides a description of the state-of-the-art machine learning approaches 
(ML Framework-A) utilized for predicting heart disorders using contemporary comparison operators such as accuracies, sensitivities, 
specificities, AUC, F-measures, precision, recall, and so on [83]. If machine learning methods are hybridized with metaheuristic tech-
niques, such as feature selection algorithms or optimization techniques, the accuracies of diagnosing cardiac diseases are shown to 
improve [63], [88-90], [103]. 

 
When employing ML Framework-A, most of the attention paid by researchers is directed toward feature selection and classifica-

tion, but in Framework-B and C, feature extraction is the stage that receives the most attention. If we do not compute the relevant 
characteristics and parameters, the raw ECG or PCG that was acquired is of little value. Bio-signals may take on a variety of convo-
luted forms, and unearthing their hidden characteristics can be a difficult endeavor. ECG and PCG are regarded to be part of the same 
ML Framework despite certain differences in the feature extraction process. This is due to the fact that signals processing is a prob-
lem shared by both. Some of the common features of an electrocardiogram (ECG) include the RR intervals, QRS duration, mean of RR 
intervals, and standard deviation of successive RR intervals. In contrast, the analysis of PCG signals can take place in either the time 
domain, the frequency domain, or the time-frequency domain. In recent research, 'envelope features' and 'duration features' have 
been used for heart sound segmentation, which has finally led to improvements in the prediction of heart illness [78], [64]. It has 
been shown that SVM and ANN classification are superior than ECG classification. According to the most recent developments, PCG 
classification is best handled by deep neural networks. The detection of heart illness by cardiovascular imaging has likewise been 
rendered obsolete by deep neural networks. PCG classification and cardiovascular picture categorization are two areas where deep 
neural networks perform very well. Although there is now a large number of data repositories and machine learning approaches ac-
cessible for diagnosing heart disease, there is still room for development in terms of accuracies and other performance indicators. 
 

5. Conclusion 
All the different kinds of data that are utilized for the prognosis of heart disease are subjected to a concise yet educational evalua-

tion. The modern supervised machine learning approaches that are employed in the detection of heart disease have been gathered, 
examined, and it was discovered that there are three primary processes. The huge body of research that was examined revealed that 
the majority of the studies relied on the Cleveland heart disease dataset. This dataset consists of just 303 occurrences and 14 charac-
teristics and comprises only 303 cases. The number of people in the sample that are intended to represent a certain region is very 
low and constrained. Only a small number of research that relied on other sources of data also utilized a single dataset with re-
stricted heart disease characteristics. According to the findings of the research, standard prediction models are neither effective nor 
purposefully developed to deal with class-based data imbalances. In addition, class imbalanced datasets may be investigated in order 
to cope with real-life events that occur in healthcare facilities such as hospitals and clinics. Because of this, it was impossible to gene-
ralize the numerous classification accuracies that were gained in the process of predicting heart disease. Other multiple heart disease 
datasets from geographically diverse sources with more features should be explored for the purpose of developing more efficient 
machine learning models. This is the fundamental intent of our future research, which is currently in progress. Obtaining a more ge-
neralized classification and prediction accuracy will allow for the development of more accurate diagnostic tools. This would allow for 
a more accurate categorization of heart disorders as well as earlier prediction of their onset, which would, in turn, reduce the alar-
mingly high rates of morbidity and death caused by cardiovascular diseases (CVDs). 
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