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Abstract: Cardiovascular disease is one of the most challenging diseases in middle-aged and older
people, which causes high mortality. Coronary Artery Disease (CAD) is known as a common
cardiovascular disease. A standard clinical tool for diagnosing CAD is angiography. The main
challenge is the dangerous side effects of this tool, which the situation of the disease can worsen. Today,
the development of artificial intelligence-based decision-making methods is a valuable achievement
for diagnosing clinical images. In this paper, artificial intelligence methods such as Neural Network
(NN), Deep Neural Network (DNN), and Fuzzy C-Means clustering combined with Deep Neural
Network (FCM-DNN) were developed for diagnosing CAD on Cardiac Magnetic Resonance Imaging
(CMRI) dataset. To train the models, 10-fold cross-validation, 7-fold cross-validation, and 5-fold
cross-validation techniques were used. As a result, the proposed FCM-DNN model has the best
performance regarding the accuracy of 99.91% through the 10-FCV technique compared to the DNN
and NN models reaching 99.63% and 92.18%, respectively, on the CMRI dataset. The results confirm
that the proposed FCM-DNN method can be useful for CAD diagnosis in scientific and research
centers.
Keywords: Coronary artery disease, Image analysis, Artificial intelligence, Neural network, Deep
neural network, Fuzzy C-Means clustering
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1. Introduction
Today, with the advent of new methods based on artificial intelligence, the diagnosis of diseases
can be confirmed more quickly and accurately [1,2]. Researchers are trying to help develop computeraided diagnosis systems i.e., computer vision/Machine Learning (ML), to diagnose the disease in the
health care environment [1,3,4]. In recent years, the Deep Learning (DL) method has been an effective
method for diagnosing medical images [5,6,7,8,9,10]. In this paper, Cardiac Magnetic Resonance
Imaging (CMRI) dataset for Coronary Artery Disease (CAD) was used. Heart disease is an umbrella
term that encompasses various diseases, including congenital diseases, CAD, and heart rheumatism.
Based on the World Health Organization (WHO) report, CAD is the most common disease in middleaged and older people, giving rise to killing more than 360,000 Americans in 2015
[11,12,13,14,15,16]. Moreover, according to the clinical centers for disease control and prevention
statistics report, an American experiences a heart attack per 40 seconds ]71[.
Moreover, more than 75% of deaths had happened due to CAD in developing countries ]77[.
Regarding the mortality in men and women, more than 50% of the mortality has occurred caused by
CAD to men, giving rise to 25% of deaths in the United States [18], and more than 630,000 Americans
are dead per year [12], the cost of which has reached more than $ 200 billion [19].
In general, costs for heart patients will double by 2030, according to the American Heart
Association ]02[. Angiography is the most common tool for CAD diagnosis that has side effects for
patients ]71[.
Hence, artificial intelligence-based methods have been proposed to replace angiography for CAD
diagnosis. In this paper, artificial intelligence-based methods such as Neural Network (NN), Deep Neural
Network (DNN), and Fuzzy C-Means combined with DNN were adopted. DNN was developed as an
extended NN method, which leads to higher detection accuracy, lower false rate, and omit shift deviation
[21]. In summary, the innovations of this paper are as follows:
 Providing CMRI dataset to diagnose the CAD for the first time
 using the combined FCM-DNN model to improve the automatic diagnosis of CAD based on
CMRI analysis for the first time
 Improving the DNN training, avoiding over-fitting dataset applying FCM method before
feeding images into DNN model, and also the Maxout selection and K-Fold Cross Validation (K-FCV)
methods
In the current paper, the proposed FCM-DNN method has the best performance accuracy, precision,
sensitivity, specificity, F1-score, False Positive Rate, False Negative Rate, and Area Under the Curve
compared to the DNN and NN models.
As the latest scientific achievement, the FCM-DNN is performed for the first time using CMRI
analysis.
Currently, to diagnose the severity of heart disease in patients, tools such as exercise stress testing,
chest x-ray, computed tomography scan, CMRI, coronary angiography, and ECG are used [22,23]. In
recent years, studies on the diagnosis of CAD have been run on ECG signals and numerical dataset
using artificial intelligence methods.
In a study by Babaoglu et al. ]02[, CAD diagnosis was done using Genetic Algorithm (GA),
Binary Particle Swarm Optimization (BPSO), and Support Vector Machine (SVM) based on exercise
stress test data. In addition, GA and BPSO algorithms were created as feature selection techniques. In
their study, 408 patients were tested through Exercise Stress Testing (EST) and coronary angiography.

3

A total of 23 features were extracted from the EST dataset. Using the BPSO algorithm, the diagnosis
accuracy rate reaching 81.46% is the best compared to the GA and SVM algorithms achieving 79.17%
and 76.67%, respectively.
Kumar et al. ]02[ have used ECG signals including 40 healthy subjects and seven subjects for
CAD diagnosis. These signals were mapped into pulses, which were decomposed mainly by analytical
wavelet transform. For classification, Least Squares Support Vector Machine with the Radial Basis
Function (RBF) kernel was used. As a result, more accuracy was obtained as 99.60% for the Violet
kernel or Morlet wavelet kernel compared to the RBF kernel reaching 99.56% through the 10-Fold
Cross-Validation (10-FCV) technique.
Alizadehsani et al. for CAD diagnosis, the classification methods such as Sequential Minimal
Optimization (SMO) and Naïve Bayes (NB) both separately and in combination based on ECG
symptoms and characteristics on 303 samples have suggested ]02[. The 10-FCV technique was used
to evaluate the algorithms. As a result, using the SMO-NB algorithm, they have achieved greater
accuracy of 88.52% than the SMO and NB algorithms of 86.95% and 87.52%, respectively.
In another study, Alizadehsani et al. ]01[ have proposed classification algorithms such as SMO,
NB, bagging with SMO, and neural network for CAD diagnosis on 303 numerical data with 54 features.
To determine the essential features, the Information Gain (IG) and confidence methods were used.
Among the algorithms, the SMO algorithm with IG has the best performance regarding accuracy rate
of 94.08% through the 10-FCV technique was.
Alizadehsani et al. have presented C4.5 decision tree and bagging algorithms on 303 numerical
dataset to diagnose CAD disease ]02[. They have used IG and Gini Index (GI) methods for feature
selection. In the CAD diagnosis test, coronary artery stenosis was examined, including Left Anterior
Descending (LAD), Left Circumflex (LCX) (LCX; for the left coronary artery), and Right Coronary
Artery (RCA). In addition, the accuracy of the algorithms was computed based on the 10-FCV
technique. As a result, the bagging algorithm with feature selection method and GI has better
performance than the C4.5 decision tree. The accuracy of the bagging algorithm for diagnosing three
coronary artery stenosis, including LAD, LCX, and RCA, was 79.54%, 65.09%, and 66.31%,
respectively. However, the accuracy of diagnosis using the C4.5 decision tree was obtained as 76.56%,
63.10%, and 63.38% for stenosis of LAD, LCX, and RCA, respectively.
Alizadehsani et al. have applied the SVM method on 303 patients with 54 features to diagnose
CAD. Through demographic, symptom and examination, ECG, laboratory, and echo characteristics,
stenosis of the three large coronary arteries was diagnosed separately ]02[. They also have used
analytical methods to explore the significance of vascular stenosis features. Using the SVM method
with feature selection methods such as combined information gain and average information gain,
accuracy rates of 86.14%, 83.17%, and 83.50% for the diagnosis of the stenosis of LAD, LCX and
RCA were obtained, respectively.
Dolatabadi et al. ]02[ have studied the combined method of Principal Component Analysis (PCA)
and optimized SVM to diagnose CAD on Heart Rate Variability (HRV) signal extracted from the ECG.
The PCA method was used to reduce the dimensions of the features and computational complexity.
Furthermore, the optimized SVM method refers to the optimization of cost and sigma parameters.
Therefore, the diagnostic accuracy obtained through the combined method was 99.2%, and accuracy
was achieved by 90.62% using the standard SVM method.
Arabasadi et al. have examined neural network and genetic algorithms for CAD diagnosis on 303
numerical samples ]07[. For feature selection, feature ranking methods such as weight by SVM, GI,
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IG, and PCA were specified. As a result, using the neural network algorithm and the combined neural
network-genetic algorithm, the accuracy rates of 84.62% and 93.85% were obtained, respectively.
Alizadehsani et al. ]00[ have utilized a feature engineering method for improving CAD diagnosis
on the 500 samples. This method exploits the results related to the NB, C4.5, and SVM classifiers for
the non-invasive diagnosis of CAD disease. They also have performed the weight by SVM method as
a feature selection method. Based on the NB, C4.5, and SVM classifiers, accuracy rates of 86%, 89.8%,
and 96.40% were achieved, respectively.
In a study by Abdar et al. ]00[, a hybrid two-level genetic algorithm and nuSVM namely, the
N2Genetic-NuSVM method, were conducted for CAD diagnosis on 303 samples. They have used a
two-level genetic algorithm to optimize the SVM parameters, and they have also accomplished feature
selection applying the GA algorithm. By using the proposed method, an accuracy of 93.08% was
achieved.
In other studies conducted by Miaoa and Miaoa ]02[, a DNN model has been presented for CAD
diagnosis on the Cleveland Clinic Foundation dataset with 303 patients. The proposed DL model
includes 28 input units, first and second hidden layers, and a binary output unit, in which 105 neurons
in the first layer and 42 neurons in the second layer are considered, and 50% dropout is assigned. The
output unit is connected to a sigmoid activation function in the final stage. An accuracy of 83.67%
using the proposed method was obtained.
Hamersvelt et al. have examined a Convolutional Neural Network (CNN) to diagnose CAD on
the coronary artery angiography CT images at rest with 126 patients ]02[. As a result, by applying the
proposed CNN method, an accuracy of 71.1% was achieved.
Hassannataj et al. ]71[ have extracted essential features of the CAD, which was diagnosed using
the random trees (RTs) on the 303 samples with 55 features. They have compared the RTs model with
SVM, the C5.0 decision tree, and the CHAID decision tree classification models. As a result, using the
RTs model, 40 features were extracted with an accuracy of 91.47%, which RTs model has the best
performance compared to the other models.
Acharya et al. ]02[ have implemented the CNN method for CAD diagnosis applying different
periods of ECG signal segments from the PhysioNet database ]01[. In their study, an 11-layer CNN
structure, including four convolutional layers, four max-pooling layers, and three fully-connected
layers for 2 seconds in the first network with 95300 sections and five seconds with 38,120 sections in
the second network was developed. The proposed CNN model led to the accuracy of 94.95% for the
first network and 95.11% accuracy for the second network.
Tan et al. ]02[ have introduced a long-term short-term memory (LSTM) neural network model
combined with CNN for CAD diagnosis based on ECG signals from the PhysioNet database.
Accordingly, an 8-layer stacked convolutional LSTM network has been determined in their research.
This 8-layer model consists of layers 1 to 4 related to 2 convolutional layers and two layers of max
pooling for the CNN structure, and layers 5 to 7 are associated with LSTM layers. The last layer is a
fully connected layer as the classification layer. They have achieved an accuracy of 99.85%.
Acharia et al. ]02[ have investigated the K-Nearest Neighbor (KNN) classifier to classify and
diagnose CAD on ECG signals. For feature extraction, they have used methods such as discrete cosine
transform, discrete wavelet transform, and empirical signal decomposition mapped into intrinsic state
components. Besides, these methods were compared to one another in the disease diagnosis process.
ECG signals were also applied to the appropriate transformation methods to obtain coefficients. Then
the features were reduced using the locality preserving projection method, and the reduced features
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were ranked applying the analysis of variance technique. In the following, high-ranking features were
fed to the KNN classifier. As a result, the proposed model on only seven features through the discrete
cosine transform method had the best performance regarding the accuracy of 98.5%.
Acharya et al. [40] have presented CNN method to diagnose CAD on ECG signals. The dataset
includes 30,000 patients and 110,000 healthy. As a result, using the proposed method, they have
obtained 98.97% accuracy by applying the 10-FCV technique.
In a study by Ghiasi et al. ]27[, a regression and classification tree model under the CART model
on the Z-Alizadehsani dataset ]01[ with 303 patients and 55 features to diagnose CAD have been
investigated. They compared their model with classification models such as SMO, bagging, bagging
with SMO, NB, artificial neural network, J48 decision tree, and C4.5. The accuracy rate of 100% using
the CART model for CAD diagnosis was gained.
To identify risk factors for CAD, Verma et al. ]20[ have performed a combined model of
Correlation-based Feature Subset (CFS) selection with Particle Swarm Optimization (PSO) and KMeans clustering algorithm on 335 samples of the 26 features. After applying CFS and PSO, five
features were identified as risk factors. In addition, Multi-layer Perceptron (MLP), Multinomial
Logistic Regression (MLR), fuzzy unordered rule induction algorithm, and C4.5 decision tree were
implemented for CAD diagnosis. As a result, more accuracy of 88.4% using the MLR algorithm was
obtained.
Idris et al. [43] have developed data mining models to predict the CAD, including NN, Logistic
Regression (LR), KNN, NB, SVM, deep learning, and Vote (an ensemble method with NB and LR)
on National Cardiovascular Disease-Acute Coronary Syndrome (NCVD-ACS) from the University
Malaya Medical Centre (UMMC) and Sultanah Aminah Hospital (SAH) data sets in Malaysia. Feature
selection methods such as the Chi-squared test, recursive feature elimination, and the embedded
decision tree were applied. The prediction accuracy rate of 94.5% was gained through the NN method
combined with the embedded decision tree method on the UMMC dataset. Moreover, using the same
method, an accuracy rate of 89.7% was obtained on the SAH dataset.
Velusamy and Ramasamy ]22[ have examined three classification methods, including SVM,
random forest, and KNN, for CAD diagnosis on the Z-alizadehsani. The results of these classifiers
were combined based on weighted-average voting, majority-voting, and average-voting methods.
According to the weighted-average voting method and five selected features, the accuracy rate of 98.97%
has a better performance than other classifiers on the original Z-alizadehsani dataset. Also, the
accuracy for the proposed algorithm on the Z-alizadehsani balanced dataset was obtained as 100%.
According to the latest scientific achievements in the field of CAD diagnosis, we used the FCMDNN method on the CMRI dataset for the first time.
The rest of this paper is structured as follows:
The proposed methodology is presented in Section 2. Evaluation of models, results, and findings
of research regarding the experiments are expressed in section 3, and finally, in section 4, the
conclusion and future works are described.
2. Methodology
In this paper, for classifying and diagnosing CAD, NN, DNN, and Fuzzy C-Means clustering
combined with Deep Neural Network (FCM-DNN) methods were used on the CMRI dataset.
Hence, the proposed methodology has been conducted in 6 different phases. These phases include
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collecting clinical image sets related to CMRI dataset for both healthy and sick subjects, data
preprocessing, CMRI dataset partitioning, classification models, evaluation criteria of models, results,
and interpretation of experiments according to the CMRI dataset classification and diagnosis of the
CAD.
The proposed methodology is shown in Figure 1. In the following, the phases of the proposed
methodology are described in detail.

Figure 1. The proposed methodology.
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Phase 1: Collecting clinical CMRI dataset
The first phase was the extraction of CAD clinical image sets related to CMRI, which this dataset
was provided from Milad Hospital in Tehran, IRAN, by Z. Alizadehsani. In this paper, the used dataset
includes 4965 images, so that 2569 images of healthy on 16 subjects and 2396 images of sick on
14subjects. All images are on a Grayscale level.
Also, the dimensions of images related to both healthy and sick subjects are various. For example,
four images of healthy and sick subjects are illustrated in Figures 2 and 3, respectively.

Figure 2. The images of healthy subjects.

Figure 3. The images of sick subjects.
In addition, the statistical characteristics of our dataset for healthy and sick subjects are stated in
Tables 1 and 2, respectively.
Table 1. The statistical characteristics of the CMRI dataset for healthy subjects.
Statistics
Mean
Std. Error of
Mean
Median
Std. Deviation

Age
34.75
4.955

Weight
65.13
4.531

Height
165.75
3.322

34.50
19.821

69.50
18.125

170.00
13.289
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Variance

392.867

328.517 176.600

Table 2. The statistical characteristics of the CMRI dataset for sick subjects.
Statistics
Age
Weight
Mean
59.86
70.79
Std. Error of 3.797
2.881
Mean
Median
64.50
72.00
Std.
14.206 10.779
Deviation
Variance
201.824 116.181

Height
170.71
2.286
169.50
8.552
73.143

Phase 2: Data preprocessing
In the samples analysis process, preprocessing is required on the samples. Images of healthy and
sick persons were different in size, which changed into a 100*100 dimension.
Furthermore, one of the available approaches for preprocessing on image samples, data
normalization, is between 0 and 1. The normalization increases the accuracy of clustering and the
accuracy of classification models, and also it reduces the false rate for clustering. The type of
normalization method, interval transformation, was determined, i.e., the sample set was normalized
between 0 and 1.
Indeed, by normalizing the images, the light intensity of the images becomes to intervals 0 and 1.
Phase 3: Image Set partitioning
For the partitioning Phase of the CMRI dataset, the K-FCV technique was used, and the data were
divided based on the 10-FCV, 7-FCV, and 5-FCV. Based on the K-FCV technique, the images are
divided into K parts, so that K-1 parts are used for training and 1 part for testing. By rotating the test
image set, the K-FCV process is repeated K times.
As a result, using the K-FCV technique leads to having more data as training data points to
develop the expected model. In addition, the K-FCV technique was used for avoiding over-fitting of
the data, for improving the generalization, and for reducing the training loss.
For this purpose, using 10-FCV, nine-tenths of the data for the training and one-tenth of the
remaining data for testing is applied in each fold. Again, on nine-tenths of training of the data, eighttenths for training and two-tenths for validation were executed at ten times.
Also, using 7-FCV, six-sevenths of the data are applied for training and one-seventh of the
remaining data for testing in each fold. Once again, based on the six-seventh training of the data, eighttenths for training and two-tenths for validation of the model were conducted at seven times.
Using 5-FCV, four-fifths of the data are examined to each fold for the training of the data, and
one-fifth of the remaining data are applied for testing. Then eight-tenths of the data for training and
two-tenths for validation on one-half of training of the data at five times was accomplished. The
partitioning process for training, testing, and validation of the CMRI dataset through 10-FCV, 7-FCV,
and 5-FCV is shown in Figures 4, 5, and 6, respectively.
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Figure 4. The partitioning process using the 10-FCV technique.

Figure 5. The partitioning process using the 7-FCV technique.

Figure 6. The partitioning process using the 5-FCV technique.
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Phase 4: Classification models
In this paper, the developed classification models are NN, DNN, and FCM-DNN. The creation
of the models is described in detail.
1) Creating NN model
In this paper, the created NN model is a 4-layer model. The first layer is related to the input images of
the NN model.
The second and third layers were specified as the hidden layers with three neurons. The learning rate
is 0.3. Also, the momentum value is assigned as 0.2. The NN model is shown in Figure 7.

Figure 7. The NN model.
2) Creating DNN model
The DNN model was created with the size of the hidden layers as 50*50 at 50 epochs. The model
is an 8-layer model including one input layer of the images, six hidden layers, and one output layer.
Maxout [45,46] is determined as the nonlinear activation function, which assigns the activity of
neurons in the hidden layers of the network.
Indeed, the Maxout selects the utmost coordinate of the network input vector, which is effective
for over-fitting of the input data and improving the deep network training. The DNN model is
demonstrated in Figure 8.
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Figure 8. The DNN model.
To classify healthy subjects from sick subjects to the range of 0 (number 0, i.e. the subject is sick)
and 1 (number 1, i.e. the subject is healthy), the sigmoid function [47,48] is assigned in the last layer.
Also, the Cross-Entropy (CE) function ]22[ is determined as the loss function. The formulas for these
functions are defined as follows.
1
F( S )
, S Fx(i , w )
i
1e si



CE  S . y    ic1 yi log F  S i 

)7(



)0(

According to (1), the output value for the decision boundary (Si) or the probability value of the
predicted class is 0 or 1, (xi) is the input image, and w is the weight. Also, based on (2), C represents
the number of classes, and yi indicates the predicted value for the desired class. Since, in this paper,
the number of classes is 2, the CE function is calculated as follows.







CE ( S . y )   ic1 yi log F  S i    y1 log F  S1(1 y1)log(1 F ( S1)

 )0(

According to (3), F(S2) is equal to 1-F(S1).
3) Creating FCM-DNN model
Clustering is a common descriptive method identifying a finite set of categories/clusters for
describing similar data. In other words, clustering is the grouping of samples with similar
characteristics that the samples in one group have the most similarity to each other and the most
difference from the samples in other groups. Each cluster has a center that the degree of similarity of
the data to the center of the cluster is generally determined by a parameter called the similarity criterion
/distance criterion ]22[. Indeed, in clustering, the similarity criterion is determined based on
maximizing separation between clusters.

12

Therefore, in clustering, the categories are not predefined, and the data grouping operation is done
without supervising or without labeling, i.e. the training data do not have a label. The suitable
performance of a clustering method is such that the samples in different clusters have the least
similarity to each other.
The common clustering model is shown in Figure 9.

Figure 9. The concept of clustering.
In general, the goal in all clustering methods is to minimize the intera-cluster distance and
maximize the inter-cluster distance ]27[.
Common clustering algorithms in vector quantification are K-Means [52,53], K-Medoids [54],
and FCM. Since FCM clustering is used in this paper, this method is described in detail below.
The FCM method was first proposed in 1973 by Duda and Hart ]22[, which performs a more
accurate clustering than classic clustering under uncertainty conditions such as K-Means and KMedoids.
In the current paper, since the images were attached to different clusters, the classic clustering
methods were not suitable in that the images should be placed in more than one cluster. To solve the
problem of placing the images in more than one cluster, a fuzzy version of the C-Means method was
proposed by Don ]22[. Next, the FCM method was developed by Bezdek ]21[, in which a fuzzy factor
of m as fuzzifier was created.
In FCM clustering, unlike classical clustering, each sample can belong to two clusters and more
than two clusters. The main idea of the FCM clustering is that a sample can belong to more than one
cluster with a membership degree between 0 and 1 based on the membership function/objective
function [58,59,60,61].
In the FCM method, the membership function is as follows:
2
n
2 c
m
m
min j m  u.v   ic1  n
k 1u ik d ik  i 1  k 1u ik x k vi

)2(

In (4), the variable m is a real number more than 1, which in most cases is assigned to 2 for the
variable m. In the given formula, if the variable m is set equal to 1, the objective function for C-Means
clustering is obtained. Also, in the stated formula, the variable Xk is the sample K, Vi is the center of
the cluster, the number of clusters “C” is predetermined, and n represents the number of samples. Uik
indicates the degree of belonging of sample i to the cluster k.

d ik  x k vi

is the distance between the

sample Xk from the cluster center Vi. The most crucial similarity criteria for solving clustering problems
is the distance criterion “j”, which should be minimized. In other words, the FCM method determines
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the data for each cluster based on the distance between the cluster center and the data points by
assigning membership to each data based on the membership function.
In summary, the FCM method includes the following steps.
 C cluster centers are randomly assigned.
 The distance of each sample to the center of the cluster is obtained.
1
U imi 

d imi
1



1

d imi d imj

According to (5), d represents the distance between each sample to the cluster centers mi and mj,
and Uimi indicates the degree of belonging to each sample.
 New centers of clusters are obtained using fuzzy means. If we have two clusters, the new
centers of the clusters are achieved as follows.
iN
iN
X iU i1

1
1 X iU i 2
, m2 
m1 
)2(
iN
iN
1U i1
1U i 2

According to (6), Xi represents the sample i, and m1 and m2 are the cluster centers.
 Finally, fuzzy intra-cluster-based the sum of the distances under membership function “J” is
calculated, which must be optimized.
N
J  C
j 1 i 1U ij d ij )1(
Based on (7), J is the sum of the distances, “C” is the number of clusters, “Uij” is the degree of
belonging of sample i to the cluster j, and “dij” is the distance of sample i to the center j. For two
consecutive iterations, if the sum of distance is less than the threshold value, the FCM method
terminates. In this situation, new cluster centers are determined again.
Therefore, the advantage of the proposed FCM method is that this method is always convergent
and always has a rapid convergence in reaching the final solution, i.e., the FCM method converges to
a local optimum.
Despite the good advantages of the FCM method, the disadvantage of this method compared to
the classic clustering method is more computational time. The reason for this problem is the additional
calculations for determining each data to all clusters. But the crucial advantage of clustering data using
the FCM method is to achieve higher accuracy.
In this paper, the FCM-DNN method was examined on the CMRI dataset. Firstly, the dataset was
clustered for identifying the clusters by the FCM method. The number of the cluster was assigned as
10. It should be noted that the images were initially labeled as healthy and sick subjects. The labels
have been removed for clustering. Then for clustering operations, 10 clusters were determined, that 5
clusters are for healthy subjects and 5 clusters are for sick subjects.

)2(
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After applying fuzzy clustering, the generated dataset is fed to the DNN model for classifying the
CMRI dataset. The developed FCM-DNN model diagnoses the input image between 10 clusters,
including healthy and sick classes.
3. Experimental Results and Discussion
Due to the fifth phase of the proposed methodology, using a Confusion Matrix (CM), the
evaluation criteria for the models, including accuracy (ACC), precision or Positive Predicted Value
(PPV), sensitivity (SEN), specificity (SPC), F1-score, False Positive Rate (FPR), False Negative Rate
(FNR), and Area Under the Curve (AUC) were measured [62]. The CM includes True Positive (TP),
False Positive (FP), True Negative (TN), and False Negative (FN) elements. The CM is described for
this paper in Table 3.
Table 3. The CM for this paper.
Actual class
Positive
Negative

The predicted class
Sick(Positive) Healthy(Negative)
TP
FP
FN
TN

According to Table 3, the elements of the CM are defined as follows:
TP: The number of positive samples that have been correctly diagnosed patients by testing.
FP: The number of positive samples that have been wrongly diagnosed healthy by testing.
TN: The number of negative samples that have been correctly diagnosed healthy by testing.
FN: The number of negative samples that have been wrongly diagnosed patients by testing.
Indeed, the CM is a valuable tool for analyzing how the classification models perform for
diagnosing data in different categories. If the data are in the M category, a classification matrix is a
table with a minimum size of M*M. Ideally, most of the data should be on the original diameter of the
matrix, i.e., the values for the TP and TN elements and the rest of the matrix values should be zero or
close to zero ]20[.
The formulas for the evaluation criteria for the models are given below.

ACC 

TP TN
FP  FN TP TN

PPV 
SPC 

SEN 

F1  Score 

)2(

TP
TP  FP )2(

TN
TN  FP )72(

TP
TP  FN )77(

2TP
2TP  FP  FN )70(

FPR  1  SPC )70(
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FPR  1  SEN )72(

It should be noted that the FPR criterion is more important than the FNR for clinical centers in
identifying more risks ]20,22[.
The results regarding the evaluation criteria for the models are illustrated based on the number of
folds in Table 4. Implementation of models has been done using RapidMiner software version 9.5.01
[46].
According to Table 4, the ACC, PPV, SEN, SPC, F1-score, FPR, FNR, and AUC rates using NN,
DNN, and FCM-DNN methods on the CMRI dataset were obtained.
The most crucial criterion for diseases diagnosis is ACC that the ACC rate for CAD diagnosis
using the proposed FCM-DNN is more than NN and DNN methods.
The ACC of the FCM-DNN method through the 10-FCV technique was obtained as 99.91% on
4965 images, while the accuracy of DNN and NN methods was obtained as 99.63% and 92.18%,
respectively.
In addition, the FPR and FNR criteria are essential for determining the false rate for diagnosing
the disease for clinical centers, because the FPR is more valuable than FNR for identifying more risks.
The FPR value using the proposed FCM-DNN method was achieved as zero, and the FNR value was
gained as 0.18.
Also, the value of the FPR using the DNN method was gained as 0.42, and the FNR value was
obtained as 0.32. Moreover, the FPR value using the NN method was calculated as 12.21, and the FNR
value was obtained as 3.56. As a result, the FCM-DNN method has a lower false rate than the NN and
DNN classification methods.
As a significant result, there is a crucial criterion for evaluating the classification models, namely
AUC, which indicates the accuracy of the level below the Receiver Operating Characteristic (ROC)
curve.
Based on the 5-FCV, 7-FCV and 10-FCV techniques, the ROC diagram for the NN, DNN and
FCM-DNN models are shown in Figures 10 ((a), (b)), 11 ((a), b)) and 12, respectively.
According to figure 10 (a), the AUC value for the NN method through the 5-FCV and 10-FCV
techniques was obtained as 93.3%.
Also, based on Figure 10 (b), the AUC value for the NN method through the 7-FCV technique
was achieved as 93.6%.
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Figure 10 (a). The AUC diagram for the NN method through the 5-FCV and 10-FCV techniques.
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Figure 10 (b). The AUC diagram for the NN method through the 7-FCV technique.
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Figure 11 (a). The AUC diagram for the DNN method through the 10-FCV and 5-FCV techniques.
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Figure 11 (b). The AUC diagram for the DNN method through the 7-FCV technique.
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The AUC value for the DNN method based on the 10-FCV and 5-FCV techniques was gained as
99.9% related to figure 11 (a).
The AUC value for the DNN method based on the 7-FCV technique was computed 100% of
Figure 11(b).

1-Specificity

Figure 12. The AUC diagram for the FCM-DNN method through the 10-FCV, 7-FCV, and 5-FCV
techniques.
Based on Figure 12, the AUC value for the FCM-DNN method through the 10-FCV, 7-FCV, and
5-FCV techniques was obtained as 100%.
As a result, the FCM-DNN model has the best AUC compared to the NN and DNN models based
on the 10-FCV, 7-FCV, and 5-FCV techniques.
In the following, the performance of the proposed models has been compared based on the
different criteria, which is depicted in Figure 13.
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Table 4. Results of models evaluation criteria on the CMRI dataset.
The methods

NN

DNN

FCM-DNN

Number
of
Folds

ACC
(%)

PPV
(%)

SEN
(%)

SPC
(%)

F1Score
(%)

FPR

FNR

AUC
(%)

2

92.18

89.28

96.44

87.79

92.66

12.21

3.56

93.3

1

91.79

89.89

94.57

88.93

92.07

11.07

5.43

93.6

72

92.18
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2
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99.15
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Figure 13. A Comparison between NN, DNN, and FCM-DNN methods.
According to Figure 13, the better performance of the FCM-DNN method compared to the NN
and DNN methods is observed in terms of the evaluation criteria. Therefore, diagnosis and decisionmaking regarding the CAD are guaranteed using the FCM-DNN method.
As a final result, based on related works in table 5, for the first time, in this paper, NN, DNN, and
FCM-DNN methods were presented on the CMRI dataset. The FCM-DNN method has the best
accuracy of 99.91% on 4965 images.
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Table 5. CAD diagnosis using artificial intelligence methods.
Authors
Verma et al., ]20[
Arabasadi et al.,
]07[
Alizadehsani et al.,
]00[
Miaoa and Miaoa.,
]02[
Abdar et al., ]00[

ACC (%)
2282
93.85

Methods
MLR
NN-GA (10-FCV)

The dataset
002 samples
303 samples

96.4

SVM (10-FCV)

500 samples

83.67

DNN

303 samples

Hassannataj et al.
]71[
Ghiasi et al. ]27[
Idris et al. [43]

91.47

93.08

100
94.5%

N2GeneticNuSVM (10-FCV)
RTs(10-FCV)

303 samples

CART
NN with
embedded decision
tree features
weighted-average
voting
KNN (10-FCV)

303 samples
5100 samples

Velusamy and
Ramasamy, ]22[
Acharia et al. ]02[

98.97

Tan et al. ]02[

99.85

LSTM-CNN

Hamersvelt et al.,
]02[

2282

CNN

Acharya et al. [40]

98.97

CNN (10-FCV)

99.91

FCM-DNN

In this paper

98.5

303 samples

303 samples
20227 ECG
signals
02702 ECG
signals
Angiography
CT images with
126 patients
722222 ECG
signals
4965 CMRI

4. Conclusion and Future Works
Coronary artery disease is known as coronary artery stenosis, which is the most common disease
in middle-aged and older people. Heart disease [65] is occurred by the accumulation of platelets in the
arteries. Following this event, blood flow is clogged leading to heart failure. The most popular tool for
diagnosing CAD disease is angiography, which has side effects [66].
In recent years, many studies have been conducted to develop artificial intelligence-based
methods instead of angiography. Hence, in this paper, NN, DNN, and FCM-DNN methods were
applied for CAD diagnosis on the CMRI dataset. The results illustrate that the proposed FCM-DNN
method has the best accuracy rate of 99.91%, and also the FCM-DNN method has the least false rate
compared to the NN and DNN methods, which the results were dedicated in Table 4. As an important
result, no studies have been run for CAD diagnosis on the CMRI dataset so far, as shown in Table 5.
For future work, The FCM-DNN method can be used as a computer-aided diagnosis system for
CAD diagnosis in clinical centers. In addition, we suggest that a combination of evolutionary and deep
learning methods be developed for CAD diagnosis on the CMRI dataset, and also a deep convolutional
neural network in combination with evolutionary methods can be investigated.
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