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      Abstract — Heart disease is a global issue that significantly 
impacts populations, highlighting the importance of early 
detection for individual well-being. Machine Learning (ML) 
techniques, such as those utilizing the Cleveland Heart Disease 
dataset, offer cost-effective methods for accurately predicting 
heart disease. This review focused on sharing the best practices of 
several ML approaches in the context of patient prognosis, 
diagnostics, and treatment of heart diseases. It begins with a Min-
Max Normalized Data Scaling (MMNDS) to preprocess the 
dataset by addressing noise and missing values. Next, a Genetic-
Based Crow Search Algorithm (GCSA) identifies an optimal 
feature subset. Finally, we employ Support Vector Machine 
(SVM), Naive Bayes (NB), and Random Forest Classifier (RFC) 
to predict heart disease based on clinical parameters. 
Furthermore, the proposed classification methods provide 
excellent results in identifying early heart diseases with 
performance metrics such as error rate, precision, recall, F1-
score, and accuracy. 

Keywords—Heart disease, Cleveland Heart disease dataset, 
MMNDS, GCSA, ML, RFC, SVM and Classification. 
 

I.   INTRODUCTION 
 

One of the most common chronic illnesses that affects a 
large number of people worldwide is heart disease. Early and 
efficient identification of heart illness is essential in 
healthcare, particularly in cardiology. Breathlessness, 
muscular weakness, and swelling feet are frequent 
symptoms of HD [1However, current methods for 
diagnosing heart disease are not very good at detecting the 
disease early for a few reasons, such as accuracy and the time 
required. However, the reality is that living a healthy 
lifestyle may significantly decrease the risk of it. Angina and 
myocardial infarction are examples of cardiovascular 
disorders, as are coronary heart disease, wherein the 
coronary arteries get coated with a waxy substance known as 
plaque. Given that heart attacks continue to be one of the 
world's leading causes of death, they can cause significant 
health issues and even death if they are not treated quickly 
[2]. Scientists have shifted to more contemporary methods 
for disease prediction, techniques like data mining, ML, and 
Deep Learning (DL), because the manual identification of 
cardiac disease has many drawbacks. 

Moreover, ML models make it uncomplicated to 
analyze genetic data in its entirety. In addition to 
transforming and thoroughly analyzing medical data to 
improve predictions, models can be trained to generate 
knowledge of pandemic predictions. Many studies have 
been performed on various ML predictions of heart disease 
[3]. Classification algorithms like KNN to perform 
automatic blood pressure classification and DT and NB for 
HD forecast been used in recent studies. Three different 
SVM classifier types were used in another study to predict 
coronary artery disease [4]. The SVM classification of heart 
sounds provided an automated diagnosis system for heart 
valve disorders. Neural network models have effectively 
predicted data and solved various classification issues in 
recent years. 

However, the ECG and patient data are often out of 
balance, which makes it hard for traditional ML to work 
impartially [5]. Potential risk factors that raise the likelihood 
of heart-related problems: unhealthy diets, inactivity, 
alcohol misuse, and tobacco use. Nevertheless, since the 
majority of the current dataset on heart disease involves 
unbalanced data, it is also necessary to discuss the method 
ML uses to process such data. 

 
This section provides accurate predictions using data 

from the Cleveland Heart Disease (CHD) dataset obtained 
from Kaggle. Additionally, the MMNDS technique can be 
used in a preprocessing step to identify noise and missing 
fractions. Then, the GCSA method can be implemented to 
identify feature subsets and select the best features. Finally, 
RFC algorithms based on ML technology can be proposed 
to provide accurate results for heart disease prediction. We 
determine the value of each ML technique in terms of its 
computational efficiency and predictive accuracy by 
examining datasets related to heart disease. 

 
This assessment helps determine the best practices for 

managing cardiac disease and highlights each strategy's 
advantages and disadvantages. We determine the efficacy of 
each ML technique in terms of its computational efficiency 
and predictive accuracy by analyzing datasets related to 
heart disease.
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 Fig 1. The Heart Disease Prediction based on Basic Architecture Diagram 
 
As shown in Figure 1, Cardiac Disease Forecasting uses a 
structured architecture diagram that describes the data flows 
and processes involved in analyzing cardiovascular health. A 
graph typically consists of several layers of data input, pre-
processing, feature selection, and model training. By using 
ML algorithms at the heart of this architecture, healthcare 
professionals can gain insights that aid in early detection. 
 

II. LITERATURE SURVEY 
 

Specialists and medical professionals employ various 
ML algorithms to forecast heart disease [6]. In addition, 
optimization-based techniques were used to evaluate the 
performance analysis. However, medical data analytics must 
overcome several significant challenges. Likewise, the 
accuracy of heart disease predictions has been improved 
based on ML techniques that identify critical features [7]. 
Furthermore, various features and well-known classification 
approaches work together to create models that forecast. 
Cardiovascular disease prediction is made possible by 
providing healthcare organizations with useful ML 
technologies to address data analysis issues [8]. The proposed 
ML technique resolves healthcare data analytics issues. It is 
a logical synthesis of earlier techniques intended to increase 
efficiency and produce better results. 

Furthermore, when applied to the CHD dataset, ML 
techniques showed exceptional accuracy in predicting heart 
disease. Due to the large number of features, they advise 
reducing the low-dimensional subspace of the CHD using the 
Jellyfish Optimization Algorithm (JOA) [9-10].  However, 
features in the dataset and optimization-based model can 
significantly affect the methodology execution during 
training. To determine what matters most appropriate 
parameters for assessing the suggested model's precision and 
functionality, GridSearchCV uses 5-fold cross-validation and 
a negative log loss metric for hyperparameter optimization 
[11]. 

In addition, a Keras-Based DL model is proposed, and 
the results are computed using a Dense Neural Network 

(DNN) [12]. The offered technique is tested by implementing
networks with 3 to 9 layers and different hidden layer
structures. However, early detection can be difficult before
heart disease develops. Specifically, it uses ML techniques to
perform a thorough literature analysis and find practical
solutions to the problems associated with unbalanced datasets
[13]. Furthermore, it employs a Convolutional NN (CNN)
technique to increase the accuracy of the prediction of cardiac
disease.

The authors recommend a closed ensemble learning
method using quantum support vector classifiers. In addition,
Shapley Additive Explanations (SHAP) calculate the
importance of each feature and provide a means by which the
results of the proposed model can be explained using
predictions [14]. To provide the optimal response, the Grey
Wolf Horse Herd Optimization-based Shepard CNN
(GWHHO-ShCNN) method employs a sophisticated DL
technique [15]. However, the vast majority of applications
require an enormous amount of data. Significant progress has
been made in classification evaluation using Artificial Neural
Network (ANN) models for cardiovascular disease prediction
[16]. However, monitoring cardiovascular biomarkers to
identify patients at risk for functional impairment is essential.

Predict cardiac disease utilizing the ML approach's
Hyper-Parameter Optimization Technique (HPOT).
Similarly [17], early and accurate heart disease predicts
essential for effective analysis. This experiment used DL
techniques instead of traditional methods using the UCI
cardiology dataset [18]. Additionally, to increase the
accuracy of traditional methods, a Cluster-Based
Bidirectional Long-Short-Term Memory (C-BiLSTM) has
been developed. To extract and forecast decision rules and
find correlations between input and output variables,
supervised techniques employ the Classification and
Regression Tree (CART) methodology [19]. Compared to
previous studies and comparisons in heart disease prediction,
a novel [20] proposed Bi- directional Recurrent Network
and Neuro-Fuzzy (BRN- NF) CART model significantly
improves the accuracy prediction index.
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III.  PROPOSED METHODOLOGY 
 
With the CHDD from Kaggle serving as a primary data 
source, this section outlines suggested methods to employ 
sophisticated data analysis techniques to increase the 
accuracy of heart disease predictions. The pre-processing 
approach begins with the implementation of the MMNDS 
technique. Pre-processing is done by applying the MMNDS 
technique to account for noise and missing fractions in the 
dataset. Similarly, the GCSA method can be used to correctly 
identify and select the features that provide the most suitable 
features for predictive modeling. Specifically, we implement 
a set of ML classifiers such as SVM, NB, and RFC that can 
predict the probability of heart disease using selected patient 
clinical parameters. Finally, we propose RFC as a choice           
classification method that integrates multiple decision trees 
to generate more accurate predictions, providing an evidence-
based approach to predicting heart disease. The proposed 
method can be used to improve the classification results of 
ML techniques for data pre-processing, feature selection, and 
achieving optimal results.  

As medical informatics research advances, ML 
algorithms have become a viable method for forecasting 
cardiac issues. As illustrated in Figure 2, this dataset provides 
a strong foundation for predicting heart disease through ML 
algorithms, including preprocessing, feature selection, and 
classification techniques. Effective cleaning and 
transformation of the raw data will improve its quality and 
relevance and improve predictive accuracy. The most crucial 
factors influencing the prediction of heart disease can be 
found through a later feature selection stage. Finally, reliable 
predictive models can be obtained by using classification 
algorithms such as NB, RF, and SVM. Each ML algorithm 
provides different advantages for data processing and 
improving accuracy. 

 
Fig. 2. The Presented Method Architecture Diagram 
 
A. Cleveland Heart Disease Dataset (CHDD) 

 
The CHDD predicts cardiovascular disorders through 

supervised ML. The CHDD is sourced from the Kaggle ML 
repository. In 1988, the Cleveland Clinic Foundation began 
using the Cleveland dataset for health research. There were 
303 participants with 76 distinct characteristics in the original 
dataset. The target class characteristic is one of just 14 
features that most researchers employ. These characteristics 
include blood pressure, cholesterol, blood sugar, age, gender, 
and other health indicators. There are five class labels in the 
original Cleveland dataset. 

A key component of cardiovascular analysis, the C 
level and Heart Disease Dataset serves as a fundamental 
resource for comprehending heart disease risk factors, as 
illustrated in Table 1. This dataset, which comes from the 
medical records of patients assessed for heart issues, has been 
widely used in statistical analysis and ML to enhance 
predictive models for detecting heart disease. 

                                                                                                     TABLE I:  DATA SET FEATURE COLLECTION 

age sex cp trestbps chol fbs restecg thalach exang oldpeak slope ca thal target 

52 1 0 125 212 0 1 168 0 1 2 2 3 0 

53 1 0 140 203 1 0 155 1 3.1 0 0 3 0 

70 1 0 145 174 0 1 125 1 2.6 0 0 3 0 

61 1 0 148 203 0 1 161 0 0 2 1 3 0 

62 0 0 138 294 1 1 106 0 1.9 1 3 2 0 

58 0 0 100 248 0 0 122 0 1 1 0 2 1 

58 1 0 114 318 0 2 140 0 4.4 0 3 1 0 

55 1 0 160 289 0 0 145 1 0.8 1 1 3 0 

46 1 0 120 249 0 0 144 0 0.8 2 0 3 0 

54 1 0 122 286 0 0 116 1 3.2 1 2 2 0 

71 0 0 112 149 0 1 125 0 1.6 1 0 2 1 
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B. Min-Max Normalized Data Scaling (MMNDS) 
 

This section preprocesses the data using the MMNDS 
method to identify noise and missing scores in the heart 
disease dataset. The heart disease data can be preprocessed 
through missing data filtering and normalization using the 
MMNDS algorithm to analyze data for heart disease 
prediction effectively. Additionally, the MMNDS method 
can be used to clean data by removing noise and duplicate 
records. The technique can also be used to replace all missing 
values with the mean and median of the existing data to 
increase the variance and eliminate useless features. The 
MMNDS algorithm is also used to reduce numerical 
complexity during the computational process of heart disease 
predictions. The heart disease dataset is normalized between 
0 and 1. Thus, all attributes can be evaluated to ensure 
consistency within a data set, allowing for accurate 
comparison and analysis of heart data. The dataset contains 
many missing values and meaningless or redundant data. 
Calculate the missing values using the mean value, as 
illustrated in Equation 1. Let’s assume N-total number of 
datasets, X-input data, ݔ௜ −data row, ܯ −Mean value. 

(ܺ)ܯ  = ∑ ௫೔೔ಿషబே      (1) 
Data normalization used in preprocessing can transform data 
values to a specific range from 0 to 1. Estimate the data range 
using zero mean or Z-score normalization, as shown in 
Equation 2. Let’s assume ௜ܺᇱ −normalized data, ܵܦ(ܺ) −standard deviation. 

 ௜ܺᇱ = ௑೔ିெ(௑)ௌ஽(௑)      (2) 

Calculate the average value of the standard deviation as 
shown in Equation 3. Let’s assume ߪ −standard devistion. 
ߪ  = ට ଵேିଵ ∑ ൫ ௜ܺ − ൯ଶே௜ୀଵ(ܺ)ܯ    (3) 

To ensure uniformity and consistency in the heart disease 
dataset, normalized data can be scaled using the minimum 
and maximum values, as shown in Equation 4. Let’s assume ܺெ௔௫ − ܺெ௜௡ is represented the minimum and maximum 
value, ܺ௜ −normalized data scaling. 

 ܺ௜ = ௑ି௑ಾ೔೙௑ಾೌೣି௑ಾ೔೙     (4) 

The noise and unwanted data in the heart disease dataset are 
adjusted using the MMNDS algorithm, which evaluates the 
minimum and maximum values during the data preprocessing 
stage. 
 

C. Genetic-Based Crow Search Algorithm (GCSA) 
 
This section employed the GCSA algorithm to identify 

the optimal subset of features and select the best performers. 
Additionally, the total number of features optimized using 
GCSA features determines the length of  

the dataset and feature selection for crow searches. In a binary 
string, 1 indicates a selected feature, and 0 indicates an 
unselected feature. Furthermore, the sum of the observer and 
crow searches equals the number of features in the dataset. 
Employing the Crow search algorithm, we can discuss the 
initial process of population genetics and identify optimal 
features in a heart disease dataset. The GCSA algorithm can 
optimize the contrast solution by simultaneously monitoring 
solutions from meta-heuristic optimization models. The 
optimal crow searches fitness function can be calculated 
using the basic functions. The fitness level of the crow's new 
posture is constrained to be the highest among the 
consecutive postures. Crow frequently updates its storage 
with new locations. When multiple iterations are executed, 
the optimal storage location associated with the target is 
referred to as the filtered optimal feature set solution. When 
multiple iterations are executed, the optimal storage location 
associated with the target is referred to as the filtered optimal 
feature set solution as following the below algorithm 1. 
Algorithm 
Input: Normalized data scale ܺ௜ 
Output: Optimal feature solution 
Start 
1. Feature sets are estimated using the genetic algorithm in 
the initial population. 
2. To obtain the optimal features, evaluate fitness 
functionality 
3. For each ܱி do 
4. Select the optimal feature fitness function 
5. Calculate the crossover of randomly generated feature sets 
6. Compute the new population created based on a genetic 
algorithm 
7. Assess the opposition process for acquiring the initial 
population. 
8. Compute the fitness function for the optimal solution 
according to the genetic algorithm procedure 
9. Get the best solution 
10. Compute the objective function to obtain the optimal 
solution 
11. Create new position 
12. If ௉ܰ =  ܨ
13. Update the storage and location 
14. Else 
15. Compute the current optimum population 
16. If obtained ܯூ then 
17. Return optimal feature solution 
18. End 

Let’s assume ܨ −fesible, new position, ܱி − optimal 
feature, ܯூ −maximum iteration. When multiple iterations 
are executed, the optimal storage location associated with the 
target is referred to as the filtered optimal feature set solution, 
as shown in algorithm 1. 
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D. Classification Algorithms 
 
Support Vector Machine (SVM): 

Support vector machines (SVMs) are used to linearly 
separate classes in a variety of linear and non-linear patterns. 
Compared to the Naive Bayes classifier and SVM classifier, 
SVM is a supervised ML technique. The SVM model is based 
on the idea that a large number of trees will produce correct 
results. This SVM algorithm employs classification 
hyperplanes, to segregate more than one class. SVM has 
another application in regression analysis. This categorizes 
both linear and non-linear data. The focus of the SVM 
classifier is to find hyperplanes in the n-dimensional space. It 
also ensures that the maximum margin is achieved among 
positive and negative samples near the hyperplane when 
classifying multiple classes. SVM is highly affected by 
nonlinear and non-separable data. However, this problem can 
be solved using one of the Kernel functions, described in the 
next section, to transform the data from the input space to a 
new, higher-dimensional space. Through the confusion 
matrix, the performance of the model and the accuracy 
metrics were determined. 

     
 Fig. 3. Architecture Diagram for SVM. 
 
As shown in Figure 3, all samples of one class can be 
analyzed on one side of the hyperplane and samples of 
another class on the other side to create a hyperplane. 
Furthermore, the optimal hyperplane can be designed to 
maximize the distance between the two classes. The support 
vector is the data point of the class that is closest to the 
hyperplane. 
 
Naive Bayes (NB): 

A naive Bayes classifier is a supervised learning 
methodology that can be used with the help of the Bayes 
theorem. The NB Classifiers create a prototype of a particular 
class based on the presence or absence of another class and 
its features. It is frequently used to determine the posterior 
probability of a specific observation and make inferences 
based on the most likely outcome. Heart disease feature 
reliance is appropriate for the medical industry and the 
identification of heart disease because it is simple to produce 
and generally functions effectively. 

 
 

Random Forest Classifier (RFC): 
  Supervised learning algorithms, such as Random 
Forest, apply the development of ML classifiers that 
enhance the performance of decision trees. This method 
utilizes a random vector and randomly combines multiple 
tree predictors. Instead of splitting nodes based singly on 
specific variables, Random Forests select a subset of the best 
predictions randomly from the nodes. Using randomly 
chosen data samples, it builds decision trees, generates 
predictions from each tree, and then votes to choose the best 
response. Furthermore, this algorithm provides a more 
reliable indication of feature importance. To increase a 
dataset's predicting accuracy, a classifier random forest 
applies and averages several decision trees to various 
subsets of particular data. Instead of depending entirely on 
the trees, a random forest uses each tree's forecasts. These 
forecasts, which are based on the votes of the majority of 
participants, predict the outcome. 

 
Fig. 4. The Architecture Diagram for Random Forest. 
 
Figure 4 shows an architecture diagram of a random forest 
classifier that illustrates the significance of early 
identification of heart disease. This classifier improves 
accuracy by effectively combining predictions from several 
decision trees using an effective ensemble learning 
methodology. 
 

IV. RESULTS AND DISCUSSION 
 
We used a review approach to predicting heart disease to 
assess the main effects. Furthermore, by presenting the KNN, 
SVM, NB, RF, DT, and other review methods in the previous 
CNN method, the performance evaluation has been improved 
significantly. Therefore, we evaluate these results by using 
criteria like F1 score, mistake rate, recall, precision, and 
precision to improve in predicting HD. Furthermore, 
illustrated in Table 2, an optimal estimate is obtained by 
training and evaluating the dataset's features using Python 
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and the tool Jupyter based on the simulation settings to 
forecast heart disease. 

TABLE II: SIMULATION PARAMETERS 

Simulation Vales 
Name of the Dataset CHDD 

No of Dataset 305 

Used Language Python 

Used Tool Jupyter 

Data of Training  177 

Data of Testing  128 

 

 
Fig. 5. Analysis of Precision 
 
Figure 5 illustrate that the deployed precision analysis 
method is able to anticipate heart disease. Nonetheless, the 
suggested approach attains a precision analysis of 77%, 78%, 
and 82%, in difference to earlier methods like BiLSTM, 
CART, and XGB. The proposed RFC method's comparison 
rate with the previous CNN method is defined as 84%. 

 
Fig. 6. Analysis of Recall 
 
The accuracy of the suggested memory analysis approach in 
forecasting HD is illustrate in Figure 6. The suggested 
approach obtains recall rates of 81%, 84%, and 88% 
respectively, in comparison to previous techniques like 
BiLSTM, CART, and XGB. Additionally, the suggested RFC 

method has a 91 % recall rate when compared to the earlier 
method. 

 
Fig. 7. Analysis of F1-Score 
 
The suggested F1-score analysis method can accurately 
forecast heart disease, as shown in Figure 7. The proposed 
approach achieves F1-Score rates of 85%, 87%, and 89%, and 
94%, respectively, compared to previous techniques like 
BiLSTM, CART, and XGB. Additionally, the suggested RFC 
method has a 94% F1- Score rate compared to the earlier 
methods. 

 
Fig. 8. Analysis of Accuracy 
 
The proposed accuracy analysis method significantly predicts 
heart disease, as shown in Figure 8. This approach achieves 
accuracy rates of 89%, 91%, and 93%, respectively, 
outperforming previous techniques C-BiLSTM, CART, and 
XGB. Additionally, the proposed RFC method boasts a 95% 
accuracy rate, surpassing the earlier CNN method. 

TABLE III: OVERALL PARAMETERS 

Comparison 
methods/ 
metrics  

Accuracy 
(%) 

F1-
score 
(%) 

Precision 
(%) 

Recall 
(%) 

CART 89 85 77 81 
XGB 91 87 78 84 
RFC 93 89 82 88 
BiLSTM 95 94 84 91 

Table 3 shows the overall performance of quantitative 
metrics results. 
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V. CONCLUSION 
 

The need of carefully assessing feature selection and model 
combination while developing ML techniques to predict 
cardiac disease is demonstrated in the study's conclusion. The 
encouraging findings support more research and 
development of these methods to enhance health outcomes 
through improved prediction skills and develop an ML model 
that uses the CHDD to accurately forecast HD. Our novel 
illustrates the significance of feature selection and dataset 
selection to the effectiveness of ML systems. We have 
examined more than a few ML approaches, for instance, 
SVM, KNN, NB, DT, and RF via an evaluative lens to 
demonstrate their efficacy in forecasting HD. Methodology 
robustness is crucially indicated by the suggested 
examination of metrices, as well as F1 score, accuracy, recall, 
and precision. The conclusions from the study demonstrate 
that using a combination of classifier methodologies results 
in the most substantial improvement in performance 
measures for HD forecast. Furthermore, the deployed 
strategy improves the prior approach with an accuracy rate of 
95%. 
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