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 Cardiovascular diseases are the leading cause of death in the world. In this regard, 

the rapid and timely diagnosis of heart diseases and the prediction of certain risk 

events associated with the cardiovascular system are among the top priorities of 

researchers. Due to the risks of invasive diagnostic methods in coronary artery 

disease, such as angiography, providing a suitable and non-invasive method for 

timely diagnosis, increasing accuracy, reducing errors in decision-making, 

reducing treatment costs and improving the quality of services provided by 

physicians has been the main goal of this research. In the implementation of this 

practical research, the Cleveland medical data set, consisting of 270 samples with 

76 features, and Z-AlizadehSani data set, consisting of 303 samples with 54 

features, available in the UCI standard data repository, were used. Initially, 

preprocessing and feature selection, followed by modeling, data processing and 

analysis was performed by examining the effect of disease parameters on coronary 

artery stiffness using a combination of machine learning algorithms. The proposed 

system, based on accuracy, sensitivity, specificity, and AUC indices, was able to 

achieve the best performance with the lowest error compared to similar research. 

Based on the results obtained, the proposed model can prevent potential adverse 

effects and damages of some invasive procedures such as angiography in patients 

who do not need it. Moreover, the system can help physicians triage patients who 

definitely need these diagnostic procedures in order to receive timely treatment 

with the highest precision. 
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1. INTRODUCTION 

Coronary artery disease, or arterial stiffness in the coronary vessels, is the main cause of heart attacks. Early 

diagnosis of coronary artery disease is crucial due to the risks it poses to a person's health [1]. Coronary angiography, 

a type of invasive test as part of a process called cardiac catheterization [2], can diagnose and treat heart and vascular 

diseases. However, angiography can lead to complications such as bleeding and artery damage, heart attack, stroke, 
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kidney damage from contrast dye, tissue damage from x-rays, and even death [3]. Therefore, providing a suitable 

and non-invasive method for diagnosing coronary artery disease is highly important in the field of health . 

Data mining can be effective in preventing, predicting, diagnosing, and treating diseases and providing post-

discharge care [4]. Medical data mining has great potential for detecting hidden patterns in data, which can be used 

for clinical diagnosis [5]. 

The aim of this study was to use machine learning algorithms to diagnose coronary artery stiffness in a timely 

manner, with increased accuracy and reduced error in decision-making, as well as to reduce treatment costs and 

improve the quality of services provided by physicians to patients. One of the achievements of this study is the 

development of an intelligent system for screening coronary artery stiffness, which is highly important because it 

prevents potential adverse effects and damages of invasive procedures such as angiography in patients who do not 

need it and also saves cost in diagnostic tests for these individuals. 

The article is organized as follows: In section 2, the theory and background of the research are presented, and in 

section 3, the details of the proposed method are described in 6 steps. Finally, section 4 presents the evaluation and 

results of this study . 

2. THEMATIC RESEARCH LITERATURE  

The prevalence of coronary artery disease plays a crucial role in the mortality of the human population, making 

timely diagnosis with non-invasive methods extremely important for doctors and researchers. Many researchers have 

attempted to assist doctors in diagnosing the disease using non-invasive methods such as exercise testing, clinical 

information, electrocardiograms, and blood tests with different algorithms and approaches. 

In the study [6] ( Kumar et al.) the classification and prediction of heart disease were discussed using the UCI 

Cleveland database. The algorithms examined included ANN, KNN, and CNN, with CNN performing the best.  

In the study [7] ( Yong et al.) proposed an optimal classification algorithm, Co-SVM, using clinical datasets of 

heart patients to classify the disease with decision trees, neural networks, support vector machines, and Co-SVM. 

The empirical results showed that the proposed Co-SVM algorithm was more accurate than the other three classic 

algorithms. In the study [8] ( sayadi et al.) used machine learning techniques to detect early heart disease on the 

well-known Z-Alizadeh Sani dataset, using the Pearson correlation feature selection method to identify the most 

effective features. Then, machine learning techniques such as decision trees, deep learning, logistic regression, 

random forest, support vector machines, and Xgboost were used based on a semi-random classification framework. 

The results showed that logistic regression and SVM had the same performance with an accuracy of 95.45%, 

sensitivity of 95.91%, feature of 99.61%, and F1 score of 96.90%. In the study [9] ( maleki et al.) used a new feature 

selection method called Shahin Harris that combined decision trees and KNN to evaluate their proposed method 

using two medical data sets of 303 heart patients from the Cleveland and Z-Alizadeh-Sani datasets. The results 

showed that feature selection using the Shahin Harris algorithm combined with the machine learning method led to 

an increase in accuracy, with an accuracy rate of 98.0% using decision trees in the Z-Alizadeh-Sani dataset and a 

rate of 78.0% using KNN. In the study [10] ( Dezhallod et al.) used the optimized beetle algorithm and machine 

learning KNN to diagnose CAD in a dataset of 680 heart patients with an accuracy rate of 98.99%. In addition, In 

the study[11]  ( Abdar et al.) used the genetic algorithm, particle swarm optimization algorithm, and support vector 

machine to diagnose heart disease with an accuracy rate of 83.09%. Finally, In the study[12]  ( Altashi et al.) used a 

combination of Shahin Harris algorithm and machine learning algorithms for feature selection and optimization 

methods such as grey wolf optimizers and SVM to achieve an accuracy rate of 98.93% in diagnosing coronary heart 

disease. 

Based on the studies conducted, it has been determined that selecting features has a significant impact on the 

performance of machine learning and regardless of the evaluation criteria of machine learning models, determining 

effective features is critical. Metaheuristic algorithms have not been successful in reducing the number of features 

and selecting effective ones, although this initiative can increase the accuracy of diagnosis. Although each individual 

machine learning algorithm has successful performance, none of them alone has the highest accuracy when applied 

to various problems. Therefore, it seems that combining multiple algorithms with each other will lead to increased 

accuracy and decision-making with less error to address the problems of previous methods. 
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3. RESEARCH METHODS  

The implementation of this research was conducted in 6 steps:  

 
Fig. 1. Proposed Algorithm 

 

3.1. Dataset Selection 

In this applied research, the medical data sets Cleveland [13], consisting of 270 samples with 76 features, and Z-

AlizadehSani [14], consisting of 303 samples with 54 features in the UCI standard data repository were used. After 

preprocessing the data and feature selection, only 20 features from the Cleveland dataset and 26 features from the 

Z-AlizadehSani dataset were selected because other features were practically unusable due to having values that 

were too unavailable or data imbalance. Some of the data samples from both datasets are shown in Table 1. 70% of 

the data was used for training, 15% for validation, and 15% for testing. In the first step, the proposed model was 

trained using the training data. Then, in the next step, the validation data was used to evaluate the system's 

performance before testing it. If the system performs satisfactorily on the validation data, the implemented system 

is used to predict the labels of the test data. 

 
Table 1. Part of medical data samples from two datasets (a: Cleveland, b: Z-AlizadehSani 

 
Gender 

 

Height Gender AGE Sample 

Male 175 90 53 1 

Female 157 70 67 2 

Male 164 54 54 3 

Female 158 67 66 4 

Female 153 87 50 5  

blood 

pressure 

Chest pain Gender AGE Sample 

145 typical angina Male 63 1 

160 asymptomatic Male 67 2 

120 asymptomatic Male 67 3 

130 non-anginal Male 37 4 

130 pain Female 41 5  
                                                        (b                                                                   )                                           (a) 

 

3.2. Data Preprocessing  

Most machine learning algorithms require complete and clean databases. This is because any impurities (such as 

missing data, outliers, and qualitative data) can affect the desired results. Therefore, data preprocessing is one of the 

most critical implementation stages in machine learning systems. The better this stage is done in data mining, the 

higher the quality of the output of the algorithms and data mining techniques. In the following, the most important 

activities performed in the data preprocessing of this research are introduced.  

 

3.2.1. Data Transformation 
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The datasets used in this research consist of quantitative and qualitative data. Since the data mining algorithms 

used require numerical data and their learning structure is based on learning from numerical matrices, One Hot 

Encoding technique was used to convert qualitative data to numerical values understandable by the algorithms. Table 

2 shows an example of these transformations (such as the gender and chest pain type feature columns). 

 
Table 2.  An example of transforming qualitative data to quantitative values using One Hot Encoding technique. 

 
    Feature title 

 Feature title  

Sample 

Gender Type of chest pain 

Sample Gender 
Type of 

chest pain 
 Female Male 

Typical 

angina 

Uncommon 

angina 

Non-

anginal 

pain 

No 

sign 

1 Female 
Typical 

angina 

Data 

Transformation 
1 1 0 1 0 0 0 

2 Male 
Uncommon 

angina 
 2 0 1 0 1 0 0 

3 Female 
Non-anginal 

pain 
 3 1 0 0 0 1 0 

4 Male No sign  4 0 1 0 0 0 1 

 

3.2.2. Missing Data Handling 

In datasets, some of the features related to one or more samples may lack valid values. This can have various 

reasons, such as noisy recorded data, lack of recording, or invalid values. In the preprocessing stage, some features 

were completely lost and had a large number of missing values. Therefore, to maintain the integrity of the dataset, 

these features were removed. To fill and replace missing values, the k-nearest neighbor algorithm with k=7  Euclidean 

distance was used to identify the nearest neighbors of the query point, and by calculating the distance between the 

query point and neighbors, the nearest value was predicted and missing values were imputed. 

3.2.3. Data Normalization 

By examining the data distribution, it was determined that the collected data has skewness with a non-normal 

distribution. Therefore, standard normalization method (Method Z-Score) was used to normalize the data 

distribution, and the data was unscaled with (μ=0)   zero mean and standard deviation equal to (σ =1)   one (Figure 1, 

Formula 1). 

𝐙 =
𝐗 −  𝝻

𝝳
                                                                                                                                                                                                         (1) 

where μ is the mean value and σ is the standard deviation. 
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(b) Z-AlizadehSani dataset 

 
Fig. 2. Standard normalization of data distribution 

 

3.2.4. Outlier Data Removal  

After normalizing the data, by drawing a box plot (Figure 2), it was observed that some data does not match the 

behavior or pattern of other data, which is called outlier data. In this study, the Tukey method was used to detect and 

clean the dataset from these inconsistent data. 

 

 
 

(b)  Z-AlizadehSani dataset  (a) Cleveland data set 
 

Fig. 3. Standard normalization of data distribution 

 

3.3. Feature Selection 

Feature selection (dimensionality reduction) process aims to develop a prediction model. Selecting a suitable set 

of features during the design of machine learning models improves the performance, accuracy, and efficiency of 

learning methods. It also reduces the risk of overfitting of the model. Here, dimensionality reduction was performed 

by method Feature mapping with algorithm PCA based on sparseness. 

3.3.1. Pearson Correlation Coefficient  

One of the most important processes in feature selection is identifying the correlation between features. One of 

the most famous methods for measuring the dependency between two quantitative variables is calculating the 

Pearson correlation coefficient. This coefficient measures the distance or relative correlation between two variables, 

and its value ranges from +1 to -1. If the obtained value is positive, it means that the changes in the two variables 

occur in the same direction, i.e., with an increase in one variable, the other variable also increases. If the value is 

negative, it means that the two variables act in the opposite direction. The Pearson correlation coefficient between 

two random variables is defined as their covariance divided by the product of their standard deviations (Equation 2). 
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𝛒𝐗,𝐘 =
𝐂𝐎𝐕(𝐗, 𝐘)

𝛔𝐗𝛔𝐘
=  

𝐄(𝐗 − 𝛍𝐱)(𝐘 − 𝛍𝐲)

𝛔𝐗𝛔𝐘
                                                                                                                                     (2) 

 

In Equation 2, COV represents covariance, σX represents the standard deviation of variable X  ،μx, and represents 

the mean of variable X ،E. 

3.3.2. Feature Space Dimension Reduction (PCA) 

Method PCA focuses on the principal components of the feature matrix that preserve the maximum variance. One 

of the important parameters of Method PCA     ، n_components is assigned in two ways depending on the problem. If 

its value is greater than 1, most features are returned by Method PCA  , and in this case, Method PCA   cannot generate 

the optimal number of features. If the parameter value n_components is between 0 and 1, Method PCA   returns the 

least number of features that preserve this difference. In this study, n_components=99% was considered for Method 

PCA, meaning that 99% of the variance of the principal features is preserved. The next parameter was whiten = 

True, which changes the values of each principal component so that they have a unit variance and a zero mean. 

Finally, effective features were obtained from the entire dataset. Cleveland  dataset resulted in 14 features, and Z-

AlizadehSani dataset resulted in 22 features. 

3.4. Modeling 

This research was implemented in Python using supervised learning. In this study, five classification algorithms 

were used: K- Nearest Neighbor (KNN), Decision Tree, Random Forest, Logistic Regression, and Support Vector 

Machine (SVM). Each algorithm estimated its prediction, and then a voting rule was applied among all predictions 

to select the class with the highest vote as the final class. 

In the KNN algorithm, the number of neighbors k =  range(1 , 30) was adjusted to find the optimal parameter A. 

Then, the Minkowski similarity measure with a value of P = 2 was used, and the distance between the data was 

calculated using the Euclidean distance to determine similarity. 

In the Decision Tree algorithm, the Gini index (Equation 3) was used because we were looking for the shortest 

decision tree. The Gini index is a statistical measure of distribution. In machine learning, the Gini index is used to 

measure how often a randomly chosen element would be incorrectly identified if it were randomly labeled according 

to the distribution of labels in the dataset. 

𝐆𝐢𝐧𝐢 = 𝟏 − ∑ 𝐩𝐣
𝟐

𝐣

                                                                                                                                                                                (3) 

In Equation 3, ∑ 𝒑𝒋
𝟐

𝒋  the sum of the square of the probabilities of all classes is obtained. In decision tree algorithms, 

the first goal is to select the best feature from among all features for the root node and then select the best features 

for the inner layers of the tree in a nested manner . 

The Random Forest algorithm is a combination algorithm that uses several decision trees. In fact, a collection of 

decision trees generates a forest, and this forest can make better decisions (compared to a single tree). In the Random 

Forest algorithm, a forest of 1000 trees was used to generate the forest and determine the Gini index. Then, a subset 

of data was applied to each of the trees. Finally, the Random Forest algorithm chooses the class with the highest 

vote by using voting . 

Logistic Regression is the same as regression that is obtained by applying a logistic function (sigmoid function) 

to regression. This classifier was created by determining the cost function (Equation 4) for optimizing the algorithm 

parameters . 

𝐂𝐨𝐬𝐭(𝐡𝛉(𝐱), 𝐲) = {
− 𝐥𝐨𝐠(𝐡𝛉(𝐱))                  𝐲 = 𝟏

− 𝐥𝐨𝐠(𝟏 − 𝐡𝛉(𝐱))          𝐲 = 𝟎
                                                                                                                       (4) 

 

In Equation 4, hθ  the sigmoid function, x prediction of the algorithm, and y the actual label are used . The Support 

Vector Machine (SVM) is a classification algorithm that in the simplest cases (binary classification), a linear 

structure model (Equation 5) is used, which is very similar to what is used in multi-layer perceptron neural networks . 
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𝐲𝐣 = 𝐟 (∑ 𝐱𝐢𝐰𝐢,𝐣

𝐦

𝐢=𝟎

)                                                                                                                                                                            (5) 

 

where 𝑤𝑖,𝑗  indicates the weight related to the connection of input i to neuron j, i is the input number and j is the 

neuron number, xi is the input number i and yj is the output of neuron number j. 

3.5. Ensemble of Majority Voting Classification Algorithms 

Ensemble is a statistical and computational learning method based on creating a set of hypotheses and combining 

them to better evaluate training samples and achieve the highest accuracy and lowest error [15]. When combining 

independent and different decision makers, since each of these decision makers will perform better than a random 

guess at worst, the probability of making the correct decision will be reinforced. Finally, for detecting the class or 

position of the test sample, the output of all models is aggregated. The combination model makes a decision about 

the class of the training sample based on the majority vote among the outputs of classifiers. In other words, individual 

classifiers are combined, considering the majority vote in their decision-making, and the class that was selected by 

the majority of classifiers is introduced as the final class. 

3.6. Evaluation and Statistical Analysis 

 In this study, 4 common evaluation and validation criteria for prediction models, including accuracy, error, 

precision, and sensitivity (according to Equations 6, 7, 8, and 9, respectively) were used. In these equations, TN is 

the number of records whose actual class is negative, and the classification algorithm has correctly classified them 

as negative. TP  is the number of records whose actual class is positive, and the classification algorithm has correctly 

classified them as positive. FP is the number of records whose actual class is negative, and the classification 

algorithm has mistakenly classified them as positive. Finally, FN is the number of records whose actual class is 

positive, and the classification algorithm has mistakenly classified them as negative . 

𝐀𝐜𝐜𝐮𝐫𝐚𝐜𝐲 =
𝐓𝐩 + 𝐓𝐧

𝐓𝐩 + 𝐓𝐧 + 𝐅𝐩 + 𝐅𝐧 
                                                                                                                                             (6) 

𝐄𝐫𝐨𝐫 𝐑𝐚𝐭𝐞 =
𝐅𝐍 + 𝐅𝐏

𝐓𝐍 + 𝐓𝐏 + 𝐅𝐍 + 𝐅𝐏
                                                                                                                                             (7) 

𝐏𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧 =
𝐓𝐩

𝐓𝐩 + 𝐅𝐩 
                                                                                                                                                                  (8) 

𝐑𝐞𝐜𝐚𝐥𝐥 =
𝐓𝐩

𝐓𝐩 + 𝐅𝐧 
                                                                                                                                                                         (9) 

Equation 10 is an evaluation criterion AUC with curve ROC  that is used to evaluate the quality of detection and 

classification of classifiers. The larger the value of this criterion for a classifier, the better the final performance of 

the classifier is assessed. 

𝐀𝐔𝐂 =

𝐓𝐩
𝐓𝐩 + 𝐅𝐧 

𝐅𝐩
𝐓𝐧 + 𝐅𝐩 

                                                                                                                                                                                                     (10) 

In Tables 3 and 4 as well as Figures 4 and 5, the evaluation criteria and the results of the proposed method have 

been shown for both datasets used in this study.  

 
Table 3. Classification evaluation criteria in the proposed algorithm (Cleveland dataset) 

 

AUC Recall Precision Eroor Rate Accuracy Model 
90% 95% 96% 12% 88% DTC 

90% 75% 77% 25% 75% LR 

98% 97% 98% 2% 98% RF 

89% 75% 98% 15% 85% KNN 

90% 75% 98% 12% 88% SVM 

99% 99% 99% 1% 99% ENSEMBLE 
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Fig. 4. Confusion matrix and ROC curve and checking the efficiency of the algorithms in the Cleveland dataset Cleveland 

 

Table 4. Classification evaluation criteria in the proposed algorithm (Z-AlizadehSani dataset) 

 

AUC Recall Precision Eroor Rate Accuracy Model 
90% 100% 80% 12% 88% DTC 

95% 75% 75% 23% 77% LR 

100% 100% 100% 0% 100% RF 
87% 75% 100% 12% 88% KNN 

100% 75% 100% 12% 88% SVM 

100% 100% 100% 0% 100% ENSEMBLE 
 

  
Fig. 5. Confusion matrix and ROC curve and checking the efficiency of the algorithms in the Z-AlizadehSani dataset  

 

The results show that the values of the evaluation criteria for the proposed method were better compared to the 

studied methods. For example, the error rate for the proposed method in dataset Cleveland and Z-AlizadehSani was 

1% and 0% respectively, while it was 23%, 12%, and 5% for the best studied method. The performance of the 

proposed method in other criteria also demonstrated its efficiency compared to the studied methods, which indicates 

the effectiveness of using a combined approach of algorithms. 

4. RESULTS AND DISCUSSION 

Various algorithms have been introduced for classification, but none of them on their own can achieve the desired 

accuracy. Combining several algorithms together leads to higher accuracy in classification. Each learning algorithm 

is a specific model with its own assumptions, and using specific assumptions for one method for other problems can 

lead to errors. Furthermore, learning is an ill-conditioned problem that, given limited data, can lead to convergence 

to different answers. Although precise settings in the learning process will lead to the highest accuracy on validation 

data, achieving such precise settings is a very complex task. Additionally, even a model with the highest accuracy 
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may not have enough accuracy on some data, but combining several learning models properly increases the final 

accuracy. 

This study can assist physicians in triaging high-risk patients to secondary care more effectively, prevent 

unnecessary treatments, and minimize invasive and expensive procedures such as angiography, as well as help in 

related healthcare, prediction, and treatment, and save costs for patients and healthcare facilities. 

5. SUGGESTIONS 

The real value of this study is to serve as a criterion for designing future studies and evaluating techniques for 

diagnosing coronary artery disease in patients who are usually examined by specialists. With increasing data and the 

use of more powerful processing systems, as well as further research in artificial intelligence, machine learning, and 

data mining, higher accuracy and minimum error can be achieved on standard data while considering the level of 

clinical expertise of specialists. 
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