Computer Standards & Interfaces 84 (2023) 103706

Contents lists available at ScienceDirect

I

Computer Standards & Interfaces o TR

[
I

journal homepage: www.elsevier.com/locate/csi

t.)

Check for

Ensemble feature selection and classification methods for machine |t
learning-based coronary artery disease diagnosis

Burak Kolukisa, Burcu Bakir-Gungor *
Department of Computer Engineering, Faculty of Engineering, Abdullah Gul University, Kayseri, Turkey

ARTICLE INFO ABSTRACT

Keywords: Coronary artery disease (CAD) is a condition in which the heart is not fed sufficiently as a result of the
Machine learning accumulation of fatty matter. As reported by the World Health Organization, around 32% of the total deaths
Classification

in the world are caused by CAD, and it is estimated that approximately 23.6 million people will die from
this disease in 2030. CAD develops over time, and the diagnosis of this disease is difficult until a blockage or
a heart attack occurs. In order to bypass the side effects and high costs of the current methods, researchers
have proposed to diagnose CADs with computer-aided systems, which analyze some physical and biochemical
values at a lower cost. In this study, for the CAD diagnosis, (i) seven different computational feature selection
(FS) methods, one domain knowledge-based FS method, and different classification algorithms have been
evaluated; (ii) an exhaustive ensemble FS method and a probabilistic ensemble FS method have been proposed.
The proposed approach is tested on three publicly available CAD data sets using six different classification
algorithms and four different variants of voting algorithms. The performance metrics have been comparatively
evaluated with numerous combinations of classifiers and FS methods. The multi-layer perceptron classifier
obtained satisfactory results on three data sets. Performance evaluations show that the proposed approach
resulted in 91.78%, 85.55%, and 85.47% accuracy for the Z-Alizadeh Sani, Statlog, and Cleveland data sets,
respectively.

Ensemble feature selection
Domain knowledge-based feature selection
Coronary artery disease diagnosis

1. Introduction feasible, and unfortunately, more than three-quarters of CADs occur

in low- and middle-income countries [2]. In these countries that are

According to a report published by the World Health Organization
(WHO), coronary artery disease (CAD) causes 32% of the total deaths
in the world [1]. The WHO estimates that CAD will cause the death
of approximately 23.6 million people in 2030. CAD is a condition in
which large arterial vessels that supply the heart become atheroscle-
rosis. Atherosclerosis is the accumulation of a fatty substance called
atheroma in the walls of the arteries, which causes narrowing and
congestion in the vessels. Since CAD develops over time, it is difficult
to diagnose at the early stages. It is usually diagnosed when the veins
are clogged or when a person has a heart attack. CAD and heart
attacks (heart disease) are the most common types of cardiovascular
diseases (CVD). CVD is the most general term that embraces all kinds
of diseases that affect the heart or blood vessels. In recent machine
learning (ML) studies, the terms CAD, CVD, and heart disease are used
interchangeably. Diagnosis of this disease requires special devices and
medical specialists. The most commonly used methods for the diagnosis
of CAD are blood tests and electrocardiograms. Each method has its
own advantages and disadvantages, but in general, these methods are
costly. Generally, the testing phase of CADs may not be economically
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adversely affected by the economic situation, people die from CAD at
a young age because the diagnosis is not made on time [3]. In the
last decades, researchers have attempted to develop computer-aided
systems in healthcare [4,5]. Along this line, effective methodologies
that check some physical and biochemical values at a lower cost can
be developed for CAD diagnosis. Especially with the development of
information technologies, it is possible to diagnose CADs by examining
specific parameters rather than the outputs of these expensive devices.

Researchers have worked on the applications of different data min-
ing (DM) and ML algorithms in various fields [6-10]. As recently
reviewed in [11], up to 2019, there have been 149 studies on ML-
based CAD diagnosis. Many different CAD datasets have been analyzed.
Although existing studies provide valuable insights and foundations for
CAD diagnosis, the performance results vary significantly depending on
sample size, the number and type of features, and the ethnicity of the
patients in the data set. Due to these factors, there is no internationally
recognized standard approach for CAD diagnosis. In this respect, this
study aims to create a generic heart disease diagnosis model that can
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work for different CAD data sets. The main contributions of this study
can be summarized as follows:

An exhaustive ensemble feature selection (FS) and a probabilistic
ensemble FS method have been proposed.

Seven computational FS methods and one domain knowledge
based (DK) FS method are used in the proposed approaches. The
DK-based FS method ranks the features based on the expertise of
the cardiologists.

The proposed approaches use six different single classifiers and
four different ensemble voting classifiers. A grid-search parameter
optimization method is used to automatically find the best values
for the ML methods’ hyper-parameters.

The proposed methods are evaluated independently on differ-
ent publicly available data sets (The Cleveland, Statlog, and Z-
Alizadeh Sani data sets).

We tested the proposed approaches on complex vs. noncomplex,
linear vs. nonlinear, balanced vs. imbalanced, and sparse vs. non-
sparse data sets; and we have shown that the proposed methods
are effective for different data sets with different characteristics.
Performance results show that the accuracy of the proposed
model is 91.78%, 85.55%, and 85.47% on the Z-Alizadeh Sani,
Statlog, and Cleveland data sets, respectively.

The rest of this article is organized as follows: Section 2 provides
an overview of the current ML-based CAD diagnosis literature. In
Section 3, available data sets, FS, and classification methods are de-
scribed. In Section 4, the proposed ensemble approaches are explained
in detail. In Section 5, the performance evaluations of different models
are presented. The last section concludes the paper, and future research
directions are discussed.

2. Related works

In recent years, different ML and DM methods have been applied to
CAD data sets for different purposes. The reason behind the popularity
of ML techniques for CAD diagnosis stems from their low complexity,
easy implementation, and ability to generate high performance metrics.
In a recent review paper, Z-Alizadeh stated that as of 2019, 149
research articles have been published on ML-based CAD diagnosis,
and more than 90% of the CAD detection studies used supervised
algorithms [11]. As noted in [11], the top techniques used on almost
all CAD data sets are decision tree (DT), support vector machine (SVM),
and logistic regression (LR). The same review paper [11] reported that
there are 67 different CAD data sets that could be used in the ML
and DM domains. These existing CAD data sets were collected from 3
continents and differed from each other in terms of ethnicity, feature
size, sample size, and feature characteristics. In our earlier studies
[12,13], we illustrated commonly used CAD data sets based on their
sample size. These publicly available data sets are Heart Disease, Z-
Alizasdeh Sani, and South Africa. The Heart Disease and Z-Alizadeh
Sani data sets are available on the UCI machine learning repository. The
Heart Disease data set collection contains four data sets: Cleveland, VA
Long Beach, Hungary, and Switzerland, which are collected in different
countries and regions. In the literature, while some studies use one of
these data sets, others use a combination of these UCI Heart Disease
data sets.

Anbarasi et al. [14] used four of the Heart Disease data sets, which
contained 13 features and 909 samples. Using the genetic algorithm,
the best six features affecting CAD are obtained. Three different al-
gorithms are used with k-fold cross-validation (CV), where the value
of k is not mentioned in the original study. The study was conducted
using Weka 3.6.0. El-Bialy et al. [15] applied pruned DT and fast DT
techniques to the same data set. In their study, characteristic features
are extracted from the Heart Disease data sets. Using a fast DT with
a 10-fold CV in Weka, they obtained 78.06% accuracy on the Heart
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Disease data set. Reddy et al. [16] proposed to combine four Heart
Disease data sets and the Statlog data set. They filled the missing
values by taking the average of the available data and thereby obtained
a data set including 1190 samples. The authors used three different
percentage splits for classification methods. They achieved consistent
performance results after reducing the number of features to eight. The
performance results decreased when the feature size was reduced to six.
The authors report that the best result of 94.96% accuracy is obtained
with a random forest (RF) [17] classifier using the eight features with
a 10-fold CV (the percentage split for training is 80%, for testing 20%).
In their study, the R tool was used to conduct the experiments.

Shouman et al. [18] used the Cleveland data set, which contains 13
features and 303 samples. The Cleveland data set is the most popular
data set since other data sets have so many missing values. Only six
samples from the Cleveland data set were missing, and they were
removed from the experiment. The authors investigated different DT
techniques in order to achieve high performance results for diagnosing
heart diseases. The best accuracy of 84.1% is obtained with the fre-
quency discretion gain rate DT method using a 10-fold CV. In another
study [19], 85% accuracy was obtained when the Statlog data set was
used with the cascade neural network algorithm. From the 270 samples,
150 samples are used for training, and the remaining samples are used
for testing.

Alizadehsani et al. [20] used the Z-Alizadeh Sani data set, which
contains 54 features and 303 samples. The authors have applied a
cost-sensitive CAD diagnosis algorithm named MetaCost. A FS method
is applied to reduce the number of features to 34, and three new
features are generated using the feature extraction method. Five dif-
ferent classification algorithms are used in MetaCost using a 10-fold
CV. The proposed solution is reported to generate a high sensitivity
of 97.22% and an accuracy of 92.09%, which makes the Sequential
Minimal Optimization (SMO) algorithm better than the other different
alternative classifiers, and the study was conducted with the tool
Rapid Miner. In order to increase the diagnosis rate of CAD, Joloudari
et al. [21] selected significant predictive features for ML methods. A
max-min scaler is applied to the data set, and ML is applied to the
data set with a 10-fold CV. They obtained the best results with random
tree models, with an accuracy of 91.47%. Bhatnagar [22] proposes a
hybrid model that consists of an optimization process based on particle
swarm optimization and a firefly nature-inspired classification based on
discriminant analysis. In their study, first the data is split into training
and test sets, and then normalization and feature extraction operations
are applied separately. They achieved a high accuracy score of 95%.

Babic et al. [23] analyzed three publicly available CAD data sets: the
Heart Disease, South African Heart Disease, and Z-Alizadeh Sani data
sets. The authors performed both predictive and descriptive analyses. In
the predictive analysis, DT, Naive Bayes (NB), SVM, and neural network
(NN) classifiers are used to decide whether a person has heart disease.
In the descriptive analysis, the association and decision rules are used
to extract steps to support decisions during the diagnosis process. The
authors achieved 89.93% accuracy with NN on the Heart Disease data
set, 73.87% accuracy with DT on the South African heart disease data
set, and 86.67% accuracy with NN on the Z-Alizadeh Sani data set.

In our previous work, we analyzed different heart disease data
sets using linear discriminant analysis (LDA), and a new hybrid FS
method [12,24]. The goal was to reduce the computational cost by
reducing the number of features, and to generate a model has a satis-
factorily performance for each data set. Using an ensemble FS method
with a MLP classifier, we achieved 88.11% and 82.50% accuracy values
on the Z-Alizadeh Sani and Cleveland data sets, respectively. The best
accuracy value of 92.74% is obtained with fisher linear discriminant
analysis (FLDA) via the SVM classifier on the Z-Alizadeh Sani data
set [12,24]. In addition, in a previous study, we proposed a novel
self-optimized and adaptive ensemble ML algorithm for CAD diagnosis.
In [25], the system automatically selects the most effective ML models
without any preprocessing or FS method. We achieved 88.38% and
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83.43% accuracy values on the Z-Alizadeh Sani and Cleveland data sets,
respectively [25].

In all these studies, different FS techniques, parameter optimiza-
tions, and several ML techniques are used to obtain a good result on
the CAD data sets. Although these models perform well for a specific
data set, sample size, feature size, or the ethnicity of patients affect
results dramatically. In this study, using the proposed methods, we
aim to obtain a generic classification model that generates satisfactory
performance metrics for different CAD data sets.

3. Materials & methods
3.1. Data sets

The review paper by Alizadehsani [11] reported that there are 70
different CAD data sets that could be used in the ML and DM domains.
These existing CAD data sets were collected from 3 continents and
differed from each other in terms of ethnicity, feature size, sample
size, and feature characteristics. When analyzing these data sets, it has
been observed that the number of features is low in large datasets.
Whereas in medium or small data sets, the number of features is higher
compared to large data sets. In general, the small number of samples
or features affects performance results adversely, and the obtained
performance results are difficult to generalize. Therefore, in order
to compare our model with existing studies, three widely used CAD
diagnosis data sets (i.e., Z-Alizadeh Sani, Statlog, and Cleveland data
sets) were selected. As reported in [11], among 70 CAD data sets, the
Cleveland data set is the most widely used one with 3770 citations;
the Stadlog data set is the third-most popular one with 239 citations;
and the Z-Alizadeh Sani data set is the eighth-most popular one with
131 citations. Also, in terms of completeness, the Z-Alizadeh Sani and
Statlog data sets are complete, and the Cleveland data set has fewer
missing values compared to other existing data sets. In this study, these
three publicly available CAD data sets are used.

The Cleveland [26] data set is one of the four data sets included
in the Heart Disease data set collection. Among these data sets, we
preferred to use the Cleveland data set, since other data sets have too
many missing values. There are 76 features in this data set, but we
used 13 of them, which do not have missing values. The Cleveland and
Statlog data sets contain 303 and 270 samples, respectively. Only the
Cleveland data set has six missing values. These samples are ignored
in this study instead of applying data correction. Each sample in these
data sets is labeled as either (i) healthy if their vessels narrowed less
than 50%, or (ii) CAD, otherwise. The Z-Alizadeh Sani [27] data set
has 303 samples and 55 features, which are categorized into one of the
four following groups: “Demographics”, “Symptom and Examination”,
“ECG”, and “Laboratory and Eco”. Each sample in this data set is
labeled as either (i) healthy or (ii) unhealthy. The characteristics of the
Cleveland and Z-Alizadeh Sani data sets are provided in detail in our
earlier studies [12,13].

As reported by Dedeturk et al. [28], analyzing the data set in terms
of complexity, linearity, sparsity, and imbalance ratio is important.
Along this line, we have comparatively analyzed the Cleveland, Statlog,
and Z-Alizadeh Sani data sets, as shown in Fig. 1. Fisher’s discriminant
ratio (F1) computes the overlaps between the features in different
classes. A high F1 score indicates that there is at least one feature
that overlaps between the classes, while a low F1 score indicates
a more complex problem where no individual feature separates the
classes. To this end, the high F1 value of the Z-Alizadeh Sani data set
implies that this data set is more linear than the Cleveland and Statlog
problems, whereas the Cleveland data set represents more of a non-
linear problem. Complexity metrics give an empirical score that does
not tell enough about the size or strength of the measured data set
on its own. The score is valuable when it can be compared to other
data sets [29]. To measure the complexity (N1) of the data set, we
applied the methods proposed by Ho et al. [30], where N1 measures the
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Dataset evaluation criteria
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Fig. 1. Evaluation of Z-Alizadeh Sani, Cleveland, and Statlog data sets based on Fisher’s
discriminant ratio (F1), complexity (N1), imbalance ratio (IR), and sparsity (Spar)
measures.

separability of classes’ distributions. Higher N1 values demonstrate that
more complex boundaries are needed to discriminate between classes.
Based on the computed N1 values, we can state that the Statlog data set
is more complex than the Cleveland and Z-Alizadeh Sani data sets. The
imbalance ratio is calculated by dividing the normal samples by the
CAD samples. The calculated imbalance ratios (Fig. 1) show that the
Cleveland and Statlog data sets are balanced, whereas the Z-Alizadeh
Sani data set is unbalanced. Lastly, the sparsity value of a data set is
computed by dividing the number of zero elements by the total number
of elements. While the high sparsity value of the Z-Alizadeh Sani data
set implies that this data set is sparser than the Cleveland and Statlog
data sets, the lower sparsity value of the Cleveland data set indicates
more of a dense problem. Taken together, one can observe from Fig. 1
that the Cleveland, Statlog, and Z-Alizadeh Sani data sets have different
characteristics.

3.2. Feature selection methods

In ML processes, FS methods are effective auxiliary methods that
are used to generate a valid and reliable model. FS methods determine
the predictive power of each feature according to the target variable,
and they propose new subsets of features. The objectives of the FS
methods are: (i) to reduce the complexity of the generated model; (ii) to
eliminate noise; (iii) to prevent overfitting; (iv) to enable ML algorithms
to work faster; and (v) to improve the performance results [31].

FS methods can be grouped into three categories (filter-based,
wrapper-based, and embedding methods) based on how they combine
the selection algorithm and the model-building process. Filter-based
methods select variables regardless of the model, which is independent
of the classifier. The filter-based methods operate based on correla-
tions, and they are efficient in determining unrelated features. These
methods are effective in terms of reducing computational time and
preventing overfitting. The wrapper-based method allows the detection
of interactions between variables, but it increases the computational
time and the risk of overfitting. The embedding method combines
the benefits of both approaches by performing FS and classification
concurrently [32,33].

In general, each FS method has its own advantages and disad-
vantages. Among different FS methods, it becomes difficult to decide
which one is more suitable and which one works better for a specific
data set. In order to analyze CAD data sets, FS methods from each
one of the three categories can be used. In this study, different FS
methods, i.e., chi-square (CS), gain ratio (GR), information gain (IG),
relief F (RFF), support vector machine feature selection (SVM FS), bee
search (BS), conditional mutual information maximization (CMIM), and
a DK-based FS method, are used.
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The CS is a statistical hypothesis test, which is a univariate filter
that organizes each feature independently by class, and it is used for
the FS technique [34]. IG is an entropy-based FS technique. IG is a
symmetrical measure that ranks characteristics based on the entropy
criteria. IG has a bias toward the features with high value, even though
these features are less informative than the other features. GR method
is the modified version of IG such that it reduces its bias toward
high-value features that have no predictive power. The RF algorithm
estimates the quality of features according to the relationships between
them instead of acting independently. The RFF method is an extension
of the relief algorithm that is more resilient and capable of handling
incomplete and noisy data. RFF FS chooses the best features from the
data set by giving each one a different weight based on how it compares
to the other features in the set. All four of these FS methods are filter-
based [35]. The SVM FS method was introduced by Guyon [36], who
tried to refine the optimal feature set using SVM FSs in a wrapper
approach. It assigns the scores of the features by using the square of
the weights obtained by the SVM classifier and removes the irrelevant
features by training an SVM classifier iteratively. The CMIM [37] FS
approach ranks the features based on their conditional entropy and
mutual information with the target class. Then, it permits the addition
of a new feature to the collection of chosen features if and only if the
new feature contains additional information. The artificial bee colony
(ABC) is a swarm-based meta-heuristic algorithm that emulates the
behavior of honeybees in search of food. Dervis Karaboga [38] was the
first to model these behaviors in order to solve optimization problems
in 2005. There are different variations of the ABC algorithm, and it can
be simulated as a neighbor search algorithm in its simplest form. There
is a package in the Weka software called metaphor search techniques
that includes BS [39], which is used to choose the best feature.

In our previous study, we proposed a DK-based FS method for CAD
disease diagnosis [24]. This method ranks the features of the CAD
data set according to the expertise of the cardiologists. The features
are divided into the following two groups: (i) Framingham Heart
Study (FHS), and (ii) Clinically Important Findings (CIF). In practice,
patients receive a diagnosis of CAD via referring to the FHS, which is
supported by the National Institute of Heart Lung and Blood (NHLBI).
In this study, 5209 men and women were observed to determine the
main factors that cause CAD. These participants went through physical
examinations and lifestyle interviews to assess the relationship between
CADs and other factors [40]. More than 1200 articles, which refer to
FHS while diagnosing CAD, have already been published in well-known
medical journals. Therefore, the FHS study is considered as a funda-
mental and leading resource for CAD diagnosis. When our cardiologist
collaborators examined the features of the Cleveland and Z-Alizadeh
Sani data sets, they determined the essential features according to their
medical expertise. We refer to the features that are selected by cardi-
ologists as “CIF” [24]. When scoring the features in the CAD data set
according to the DK, the features that are contained in the CIF and FHS
are scored high, and the features that are not included in the CIF and
FHS are scored low. Therefore, while diagnosing CAD using ML, it could
be evaluated whether the factors used in the computational model are
compatible with cardiovascular medical literature. The DK-based scores
that indicate the importance of the features for the Z-Alizadeh Sani and
the Cleveland data sets are presented in [24]. Further details of the
DK-based FS method for CAD diagnosis can be found in our previous
publication [24].

The advantages of filter-based FS approaches are as follows: (i) they
are computationally efficient, (ii) they have fast processing capability,
and (iii) they are less prone to overfitting. Unfortunately, in some cases,
they are incapable of finding features and could give low precision.
The primary benefit of the wrapper-based FS approaches is their high
precision rate. Some disadvantages of these methods are (i) they are
prone to overfitting, (ii) they are computationally costly, and (iii) they
are processed slowly due to recursion. The embedded method, which
is a hybrid of filter- and wrapper-based methods, inherits both the
advantages and the disadvantages of the two categories. Considering
the pros and cons of the FS approaches, in this study, combinations of
eight FS methods are used to obtain robust features for classification.
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Table 1
An example ensemble score calculation for five different features using the feature
importance scores obtained via three different FS methods (FS1, FS2, and FS3).

Features FS 1 FS 2 FS 3 ES of features

Feature 1 5 4 2 B+ 4+ 2)/3=23.66
Feature 2 1 5 5 (1 +5+5)3=23.66
Feature 3 4 1 4 4+1+4)/3=300
Feature 4 3 3 3 (3+ 3+ 3)/3 =3.00
Feature 5 2 2 1 (2+2+1)3=1.66

ES: Ensemble Score.

4. Proposed method

One of the main goals of FS is to determine important scores of
the features in the data set and select features accordingly. While high
scores are assigned to the essential features, low scores are given to the
uninformative and redundant features. The FS method is beneficial for
improving performance results and reducing computational time [41].
However, the effects of each FS method are different from each other,
and this causes differences in classification performance [31]. A feature
that is scored high by one FS method can be scored low by another
FS method. It is hard to define a consistent feature score at the final
step with a certain level of confidence [42]. For example, in our
preliminary analysis with different FS methods on the Z-Alizadeh Sani
data set, the “Tinversion” feature is found to be important by seven
FS methods, but it is identified as irrelevant by the DK-based FS.
While the “Pulse Rate” feature is detected as important by the SVM FS
technique, it is denoted as irrelevant by other FS methods. In order to
address this inconsistency, in this study we proposed two ensemble FS
methods. The first method (exhaustive ensemble FS) searches through
all possible combinations of FS methods and aims to compensate for
the differences in feature scores among different FS methods. In the
exhaustive ensemble FS approach, low-scoring features are ignored
in the classification process, and the chance of achieving better per-
formance results may be overlooked. To address this issue, a second
method (probabilistic ensemble FS approach) has been proposed. In the
probabilistic ensemble FS method, a probabilistic score for each feature
is calculated using different FS methods. These probabilistic scores are
further used to determine the selection rate of the features. Following
this trend, different numbers of features are selected and tested in the
classification process. The details of these methods are presented in the
next two subsections.

4.1. Exhaustive ensemble feature selection approach

It has been reported in different domains that by taking the average
of the feature importance scores that are obtained by different FS
methods, high classification performance can be achieved [43]. In our
earlier study, we applied this idea to the CAD diagnosis problem [12].
In order to take advantage of different FS methods, in [25], we have
utilized the following hybrid FS methodology for CAD diagnosis. We
obtained seven different rankings of features by applying seven dif-
ferent FS techniques individually. To calculate the final ranking of a
feature, we take the average of seven rankings obtained via different
FS methodologies. However, there are many different combinations of
different FS methods, and one needs to examine all those possibilities.

Table 1 shows an example ensemble score calculation for five
different features using the feature importance scores obtained via
three different FS methods (FS1, FS2, and FS3). Here, the importance
score refers to the reverse of the ranking of a feature among all other
features. For example, if a feature is identified as the most important
feature, it gets a score of k, the total number of features. The second
most important feature gets a score of k — 1. On the other hand, if
a feature is identified as the least important feature, it gets a score
of 1. Some FS methods do not assign a score to each feature. In
such cases, an average score is assigned to those features that are not
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Fig. 2. Schematic representation of the proposed exhaustive ensemble FS model.
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Fig. 3. Selection of the features using the proposed exhaustive ensemble FS model, visualized for the Z-Alizadeh Sani data set. For each of the 255 different combinations of 8

different FS methods, the best five features with the highest scores are selected.

scored by the FS methods. For each feature, the average of the scores
obtained using different FS algorithms is calculated and named as the
ensemble score of the feature. As shown in Table 1, if a single FS
method had been applied, then features 2 and 3 could be evaluated as
insignificant, whereas this feature gets a high score when an ensemble
FS method is applied. On the other hand, for the 5th feature, in all
three FS methods, the scores of this feature are low, and the score
of the ensemble FS of this feature is also low, indicating that there
is no need to hesitate when removing this feature from the data set.
Along this line, an ensemble FS approach that considers all possible
combinations (2" —1) of n different FS methods has been developed. The
schematic representation of our exhaustive ensemble FS is presented
in Figs. 2 and 3. As illustrated in Fig. 2, the exhaustive ensemble FS
method performs an exhaustive search and analyzes all possible sub-
sets of different FS methods. As shown in Fig. 2, in our experiments,
we utilized 8 different FS methods (n = 8) and hence, 255 different FS
lists are generated for each of the possible combinations (e.g., CS + IG).
For each sub-set of the FS method (e.g., CS + IG), an ensemble score of
a feature is computed as the average importance score of that feature
among the tested FS methods (as depicted in Fig. 2). Then, for each
sub-set of the FS method (e.g., CS + IG), the features are ranked from
highest score to lowest score based on the calculated ensemble scores.

Hence, a total of 255 ranked feature lists have been generated. For each
ranked feature list, in which features are ranked from the highest score
to the lowest score based on the calculated ensemble scores, different
numbers of top features are selected (as presented in Fig. 3), and tested
with 10 different classifiers (as shown in Fig. 2). The pseudocode of
the proposed exhaustive ensemble FS approach is also presented in
Supplementary Table 1.

4.2. Probabilistic ensemble feature selection approach

The goal of the probabilistic ensemble FS approach is to reveal the
features that computational FS methods deem insignificant, but the
biological DK states that these features could improve the performance
results. In other words, in the probabilistic ensemble FS approach, we
aim to overcome the problem of getting stuck in the local maximum
and to incorporate the features into the classification processes if the
medical specialists consider these to be important features but the
computational FS methods do not consider them significant features.

Table 2 shows an example of probabilistic score calculation for
five different features using the ensemble scores of the features that
are computed in Table 1. For each feature, the ensemble score refers
to the average of the importance scores assigned to that feature by
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Fig. 4. Schematic representation of the proposed probabilistic ensemble FS model.

Table 2
An example of a probabilistic score calculation for five different features.

Features ES of features PS of features

Feature 1 3.66 3.66/Total = 0.244
Feature 2 3.66 3.66/Total = 0.244
Feature 3 3.00 3.00/Total = 0.200
Feature 4 3.00 3.00/Total = 0.200
Feature 5 1.66 1.66/Total = 0.110

ES: Ensemble Score, PS: Probabilistic Score.

Table 3

The hyper-parameter values of the classification methods.
Methods Parameters of classifiers
SVM C =1, 10, 100, 1000

Gamma = le-3, le—4
Kernel = linear, rbf

MLP Alpha = 10-e2, 10-e3, 10-e4, 10-e5, 10-e6
Hidden layer size = (100, 50)
max iter = 500, 1000
activation = relu, tanh

RF estimators = 100
KNN Neighbors = 1, 3, 5, 7, 9, 11
LR solver = lbfgs

max_iter = 2000

LDA Default

different FS methods (shown as FS1, FS2, and FS3 on Table 1). As
shown in Table 2, the probabilistic scores of the features are calculated
by dividing the ensemble feature score by the total ensemble score.
Hence, the probabilistic scores of the features are considered as a
selection probability for each feature. The schematic representation of
our probabilistic ensemble FS method is shown in Fig. 4. In order to
select a feature, we randomly generate a number, and based on the
probabilistic scores of the features, the one that corresponds to that
random number is selected. Following this trend, different numbers of
features are selected and tested in the classification process (as shown
in Fig. 4). The pseudocode of the proposed probabilistic ensemble FS
approach is also presented in Supplementary Table 2.

4.3. Hyper-parameter optimization

Parameter optimization ensures the use of the most appropriate
parameter for the classification model. Parameters must be determined
in the classification methods before training a model, and the model
is trained according to these parameters. For each hyper-parameter
configuration, models are trained on a training set and tested on a test
set. In this study, the hyper-parameter values of some classifiers are
obtained by a grid search optimization algorithm, which is a common
method for finding these hyper-parameters. The implementation is
done in Python using the Scikit-Learn library. The hyper-parameters
that are obtained by a grid search optimization algorithm and used in
the classification algorithms are shown in Table 3.

4.4. Voting classifier

Voting is one of the ensemble ML methods that combines the
predicted class labels from multiple models. One of the goals of the
ensemble approach is to minimize bias and variation [9]. The voting en-
semble method predicts the class as the one that has the largest sum of
the votes from different models, or by averaging each model’s weight.
There are mainly two types of voting methods: (i) hard voting (H) and
(ii) soft voting (S). While hard voting works based on the majority rule,
soft voting assigns final class labels by combining probabilistic scores
calculated by different classifiers. Here we ensembled the three and five
classifiers using soft and hard voting ensemble methods separately. So,
we have four different ensemble classifiers: S3, S5, H3, and H5, where
S and H stand for soft voting and hard voting, respectively, and the
numbers after S and H stand for the number of classifiers used in the
ensemble classifier. MLP, SVM, and LR classifiers are used in S3 and H3.
MLP, SVM, LR, RF, and LDA classifiers are used in S5 and H5 ensemble
classifiers.

5. Experiments

In our experiments, we utilized three publicly available CAD data
sets to diagnose heart disease to test our two proposed ensemble FS
approaches that use seven different computational FS methods, a DK-
based FS method, six single classifiers, and one ensemble classifier with
four different variations. In our study, the samples with missing features
are removed from the data sets instead of filling them with synthetic
data.

Firstly, the importance scores of the features are calculated using
eight different FS methods on the Cleveland, Statlog, and Z-Alizadeh
Sani data sets, as shown in Supplementary Tables 3, 4, and 5, respec-
tively. The last column in these tables indicates the average importance
scores (ensemble scores) of each feature. These features are presented
in decreasing order of the ensemble scores. The scores presented in
these tables are used for the calculation of ensemble and probabilis-
tic feature scores. Secondly, we perform the exhaustive ensemble FS
approach (shown in Fig. 2, Supplementary Table 1). To this end, the
ensemble scores of the features are computed 255 times (for each
one of the combinations of eight FS methods). Hence, as illustrated in
Figs. 2 and 3, 255 different lists showing the scores of the features are
generated. As shown in Figs. 2 and 3, different numbers of features
(t) are tested for each of the 255 feature-ranking lists. Each classifier
is run using the top t features from each list. The t value has been
increased one by one, from 5 to M ( the maximum number of selected
features), and tested separately in each classifier. In our previous exper-
iments [24], we observed that on the Z Alizadeh Sani data set, when
the number of features exceeded 25, the computational time increased
significantly and the performance results decreased. Therefore, for the
Z-Alizadeh Sani data set, M is set to 25, and 21 (25 — 5 + 1) different
combinations of top t features are generated for each combination of
FS methods. For the Cleveland and Statlog data sets, M is set to 12,
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Table 4
The best performance results of each classifier on three different CAD data sets using
all features.

Data set Classifier SN (%) PRE (%) FM AUC ACC (%)
SV5 85.00 88.40 0.882 0.933 88.40
SVM 85.98 88.77 0.880 0.931 88.08
'5 HV5 85.43 88.32 0.877 - 87.77
«n SV3 84.57 87.41 0.869 0.937 87.09
@ RF 80.98 87.89 0.863 0.920 86.77
5] HV3 84.43 87.33 0.866 - 86.77
é LR 82.11 86.33 0.855 0.930 86.10
N LDA 83.77 86.68 0.858 0.905 85.76
MLP 79.77 83.83 0.833 0.918 83.48
KNN 54.34 63.75 0.646 0.509 68.67
LDA 82.72 83.50 0.829 0.900 83.09
HV5 81.78 82.60 0.819 - 82.09
LR 81.44 82.56 0.815 0.901 81.74
] SVM 81.20 82.04 0.813 0.905 81.42
= SV5 81.02 81.71 0.809 0.897 81.09
H HV3 80.50 81.47 0.806 - 80.73
© RF 82.01 81.54 0.805 0.893 80.71
SV3 80.46 80.97 0.802 0.908 80.37
MLP 79.91 81.00 0.799 0.877 80.05
KNN 67.63 68.08 0.677 0.699 68.00
LR 83.58 85.06 0.838 0.901 84.07
LDA 83.58 85.04 0.838 0.906 84.07
SVM 83.08 84.92 0.834 0.903 83.70
o SV5 83.08 84.64 0.834 0.893 83.70
S HV3 83.16 84.57 0.834 - 83.70
g SV3 82.91 84.19 0.831 0.905 83.33
HV5 82.75 84.21 0.831 - 83.33
RF 80.91 82.92 0.816 0.898 82.96
MLP 79.41 80.74 0.798 0.887 80.00
KNN 65.25 66.32 0.658 0.699 66.29

SN: Sensitivity, PRE: Precision, FM: F-Measure, AUC: Area Under Curve, ACC: Accuracy.

since the total number of features is 13, and 8 (12 — 5 + 1) different
combinations of top t features are generated for each combination of
FS methods.

Thirdly, the probabilistic ensemble FS approach (shown in Fig. 4,
Supplementary Table 2) is conducted only for the Z-Alizadeh Sani data
set. Since the Cleveland and Statlog data sets only have 13 features, the
probabilistic ensemble FS approach is not performed on these data sets.
On the Z-Alizadeh Sani data set, we selected 5 to M features and ran
each set of selected features separately in each classification algorithm
50 times (as shown in Fig. 4).

In our experiments, 10 different classifiers are used, including six
single classifiers and one ensemble classifier with different variations.
Single classifiers include k-nearest neighbor (KNN), LDA, LR, MLP,
SVM, and RF. The ensemble classifiers include four different varia-
tions (S3, S5, H3, H5, where S and H indicate soft and hard voting,
respectively, and the numbers following S and H indicate the number
of classifiers used in the ensemble classifier). For KNN, MLP, and SVM
classifiers, we perform parameter optimization. For the classification
task, we used stratified 10-fold cross-validation. All FS methods have
been carried out using Weka [44], and all classification methods have
been realized using Python [45] with the Scikit-Learn library [46].

When the proposed exhaustive ensemble FS method is applied to the
Z-Alizadeh Sani data set, 53.550 models (255 * 21 * 10) are generated.
For the Cleveland and Statlog data sets, in total, 40.800 models (255
* 8 * 10 * 2) are generated using the exhaustive ensemble FS method.
The probabilistic ensemble FS approach generated 10.500 models (50
* 21 * 10) for the Z-Alizadeh Sani data set. In total, in our experiments,
104.850 models were generated.

6. Performance results

In this study, three publicly available CAD data sets are experi-
mented with using the proposed exhaustive ensemble FS approach,
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the probabilistic ensemble FS approach and ten different classifiers. In
Table 4, for each classifier, the performance results are shown when all
features are used. In Table 5, for each classifier, the best performance
results that are obtained for three different CAD data sets using the
exhaustive ensemble FS approach are shown. Table 5 also presents
the names of the combinations of FS methods (or the number of
combinations that give the same accuracy) and the number of features
used in the model. Among different classifiers for the Cleveland and Z-
Alizadeh Sani data sets, the best performance results are obtained with
the MLP classifier. For the Statlog data set, the best result was achieved
with the KNN classifier. The best accuracy scores are obtained as
91.78%, 85.47%, and 86.66% for the Z-Alizadeh Sani, Cleveland, and
Statlog data sets, respectively. These performance metrics are obtained
with 9, 5, and 21 features on the Cleveland, Statlog, and ZAlizadeh
Sani data sets, and the lists of these selected features can be found in
Supplementary Tables 6, 7, and 8, respectively. In addition to the single
classifiers, the exhaustive ensemble FS approach is also tested using
ensemble classifiers (both hard and soft voting methods). As shown in
Table 5, the best performing ensemble classifier resulted in 91.45%
accuracy on the Z-Alizadeh Sani data set using hard voting and 22
features obtained as an ensemble of SVM and BS FS methods. The list
of these 22 selected features in the Z-Alizadeh Sani data set can be
found in Supplementary Table 8. This accuracy value was the second
highest accuracy value obtained for the Z-Alizadeh Sani data set, as
presented in Table 5. Similarly, for the Cleveland and Statlog data sets,
the second highest accuracy values (84.80) and (86.29) are obtained
using an ensemble classifier, which applies soft voting with 9 and 10
features, respectively. As shown in Table 6, the performance results
of the probabilistic ensemble FS approach are also comparable. In the
probabilistic ensemble FS approach, the highest accuracy (91.14) is
also obtained using an MLP classifier using 25 selected features from
the Z-Alizadeh Sani data set. The list of these 25 selected features
can be found in Supplementary Table 9. Using both the exhaustive
ensemble and probabilistic FS approaches, the MLP classifier had one
of the best performance results in all three CAD data sets. This model
resulted in 91.78% accuracy, 93.50% sensitivity, 95.14% precision,
0.941 F-measure, and 0.956 area under the curve (AUC) on the Z-
Alizadeh Sani data set. The same classifier achieved 85.47% accuracy,
82.96% sensitivity, 86.22% precision, 0.839 F-Measure, and 0.911 AUC
on the Cleveland data set. Lastly, the same classifier achieved 85.55%
accuracy, 85.00% sensitivity, 86.25% precision, 0.853 F-measure, and
0.888 AUC on the Statlog data set. In order to allow the reproducibility
of our results, we present the hyper-parameters of the best-performing
classifiers in Table 7.

When we analyze our results on the Z-Alizadehsani data set via
comparing the list of selected features among the top scoring exhaustive
ensemble FS approaches, we observed that the three features (Typical
Chest Pain, Region RWMA, and HTN) are commonly selected and
used by all classifiers (presented in Supplementary Table 8). Also,
age, tinversion, nonanginal, DM, and EF-TTE features are used by
almost all classifiers. Taken together, these eight features correspond
to the first eight features listed in Supplementary Table 5. Similarly,
when comparing the selected features in the probabilistic ensemble
FS approach applied to the Z-Alizadeh Sani data set, we noticed in
Supplementary Table 9 that the Typical Chest Pain and Region RWMA
features are used by all classifiers. Also, age and K features are used
by almost all classifiers. On the other hand, tinversion, nonanginal,
DM, EF-TTE, and K features are not selected as important based on the
medical expertise of the doctors. However, using different ML models,
these features are identified as critical for CAD diagnosis.

7. Discussion
Through the development of ensemble FS approaches and the in-

corporation of DK, this study aims to create a computational CAD
diagnosis model that can work accurately for different CAD data sets.
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Table 5
The best performance results of each classifier on three different CAD data sets using the exhaustive ensemble FS method.
Data set Classifier (Combined FS methods) NF SN (%) PRE (%) FM AUC ACC (%)
MLP (SVM) 21 93.50 95.14 0.941 0.956 91.78
HV3 (SVM + BS) 22 93.48 94.88 0.940 - 91.45
k= SV3 (SVM + BS) 22 93.93 93.75 0.938 0.955 91.13
& SVM (SVM) 19 93.48 94.37 0.937 0.950 91.13
@ LR (SVM) 19 94.39 93.65 0.938 0.954 91.11
8 HV5 (SVM + BS) 22 93.48 94.01 0.935 - 90.80
é SV5 (SVM) 22 93.48 93.65 0.933 0.959 90.79
N RF (CS + SVM + BS) 12 92.59 92.59 0.927 0.937 90.49
LDA (3 different FS Combination) 24 92.57 93.83 0.930 0.924 90.15
KNN (2 different FS Combination) 5 92.87 85.57 0.841 0.891 84.86
MLP (CMIM) 9 82.96 86.22 0.839 0.911 85.47
SV3 (IG + GR + RF + BS + DK) 9 81.16 85.21 0.843 0.916 84.79
RF (IG + RF + SVM) 10 80.00 81.67 0.812 0.903 84.74
] SV5 (GR + SVM + CMIM) 9 83.39 84.07 0.839 0.917 84.44
% KNN (CS+RF+SVM) 5 81.37 85.93 0.825 0.903 84.41
E) HV5 (CS + IG + SVM + BS + DK) 12 82.96 84.32 0.832 - 83.77
© HV3 (RF + CMIM + DK) 9 83.17 84.05 0.833 - 83.43
LDA (24 different FS Combination) 11 78.51 84.52 0.809 0.901 83.41
LR (2 different FS Combination) 10 79.34 83.78 0.811 0.902 83.11
SVM (13 different FS Combination) 10 80.05 83.13 0.811 0.911 83.10
KNN (IG + GR + BS) 5 86.75 87.65 0.869 0.899 87.03
SV3 (CS + RF) 10 85.91 87.37 0.864 0.883 86.66
SVM (4 different Combination) 10 86.08 87.39 0.864 0.892 86.66
o HV3 (CS + IG + RF + CMIM) 9 85.75 87.04 0.861 - 86.29
= SV5 (IG + GR + RF + BS + CMIM + DK) 9 84.91 86.32 0.846 0.896 86.29
g HV5 (IG + BS + CMIM) 85.33 87.04 0.857 - 85.92
LDA (CS + RF + CMIM + DK) 11 85.92 86.74 0.857 0.892 85.92
LR (64 different Combination) 85.08 86.41 0.853 0.896 85.55
MLP (IG + RF + BS + DK) 85.00 86.25 0.853 0.887 85.55
RF (IG + SVM + DK) 11 82.00 83.68 0.828 0.881 85.51

NF: Number of Features included, SN: Sensitivity, PRE: Precision, FM: F-Measure, AUC: Area Under Curve, ACC: Accuracy.

Table 6
The best performance results of six classifiers on the Z-Alizadeh Sani data set using the
probabilistic ensemble FS method.

Data set Classifier NF SN (%) Pre (%) FM AUC Acc (%)
=] MLP 25 94.41 93.53 0.937 0.941 91.14
& RF 13 94.93 90.09 0.924 0916  90.13
@ SVM 25 92.96 93.32 0.929 0929  90.01
I LR 23 93.50 92.29 0.927 0.947 89.51
f; LDA 24 90.71 94.51 0.924  0.920 89.47
N KNN 8 87.40 91.13 0.890 0.894  84.77

NF: Number of Features included, SN: Sensitivity, Pre: Precision, FM: F-Measure, AUC:
Area Under Curve, Acc: Accuracy.

In the last decade, in order to diagnose CAD, several DM and ML
studies have been conducted, and the number of those studies keeps
increasing. In our study, one of the most emphasized points is that there
is no internationally recognized approach for CAD diagnosis using ML.
Most of these studies present good performance results. However, these
models did not perform well when they were applied to different CAD
data sets. Hence, this study aims to achieve satisfying results with a
single classifier on different CAD data sets instead of excellent results
on a single data set. As can be seen in Table 5, the MLP classifier has
achieved satisfactory results in three CAD data sets.

In this study, two novel ensemble FS approaches are proposed: The
exhaustive ensemble FS method incorporates all possible combinations
of different FS methods; the probabilistic ensemble FS approach assigns
a probability score to each feature, indicating a chance for being
included. Hence, the probabilistic FS approach gives a chance to lower
scoring features. In order to test our proposed approach, we have
utilized the Cleveland, Statlog, and Z-Alizadeh Sani data sets. When we
compare the performance of our models (Table 5) with the performance
of the models that do not use FS (Table 4), we observe that our
proposed approaches have higher performance metrics. It is noteworthy
to mention that our proposed approach also takes into account the
models that use a single FS method in addition to the ensembles of FS

methods. In our experiments using 10 different classifiers with stratified
10-fold CV, the accuracy of the proposed approach is comparable with
the existing models, as shown in Table 8. However, most of the existing
studies do not give adequate information on the data preprocessing,
CV procedure, and data-splitting processes that might drastically affect
the performance results and limit the reproducibility of the findings.
Also, none of the existing studies present a detailed performance eval-
uation. Whereas in this study, the performance results of the proposed
approach are shown in Tables 5 and 6 using several evaluation metrics,
such as accuracy, sensitivity, precision, F-measure, and AUC.

A total of 94.350 models are generated using the proposed ensemble
FS approach. Among these, we listed the top 1000, top 500, and top 100
accuracy values and checked the details of the models that gave rise to
these performance metrics. To this end, we analyzed the frequencies
of classification algorithms and the frequencies of FS methodologies in
these top 1000, top 500, and top 100 lists, as shown in the Supplemen-
tary Figs 1, 2, and 3 for the Cleveland, Statlog, and Z-Alizadeh Sani
data sets, respectively. In terms of classifiers, Supplementary Fig. 1 A
shows that MLP and S3 classifiers generally gave better performance
metrics than other classifiers for the Cleveland data set. As shown in
Supplementary Fig. 2 A, among other classifiers, the SVM classifier
resulted in better performance metrics for the Statlog data set. For the
Z-Alizadeh Sani data set, as shown in Supplementary Fig. 3 A, MLP
and SVM classifiers resulted in better performance metrics compared to
other classifiers. In the exhaustive ensemble FS approach, especially for
the Statlog data set, different classification models generate the same
accuracy levels. Therefore, we plot the composition of the classifiers
that generated the top five accuracies, as shown in Figs. 5, 6, and 7
for the Z-Alizadeh Sani, Cleveland, and Statlog data sets, respectively.
Similar to our finding in Table 5, Figs. 5, 6, and 7 show that the
MLP classifier works well on the three CAD data sets used in this
study. We have also demonstrated the frequencies of the FS methods in
Supplementary Figs. 1B, 2B, and 3B for the UCI Cleveland, UCI Stadlog,
and Z-Alizadeh Sani data sets, respectively. The frequencies of each FS
method are very close to each other, as shown in Supplementary Figs.
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Table 7
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The optimum hyper-parameters for ML methods are found by grid-search optimization.

Methods Cleveland Statlog Z-Alizadeh Sani
SVM C = 100, kernel = rbf C =1, kernel = linear C = 1 kernel = linear
MLP alpha = 10-e2, layer size = 50, alpha = 1.0, layer size = 100, alpha = 10-e2, layer size = 50,
max iter = 1000, activation = max iter = 1000, activation = max iter = 1000, activation =
relu relu tanh
RF estimators = 100 estimators = 100 estimators = 100
KNN neighbors = 11 neighbors = 9 neighbors = 9
LR solver = 1bfgs, max iter = 2000 solver = 1bfgs, max iter = 2000 solver = Ibfgs, max iter = 2000
LDA default default default
Table 8
Performance results of the proposed method and existing studies. mH5
Study, Year Data set Method Accuracy (%) ©n mH3
|
[471, 2008 Cleveland KNN 85.55 ...q—: - 22
[48], 2011 Cleveland SVM 80.06 ‘«n
) mSVM
[18], 2011 Cleveland DT 84.10 © -
[201, 2012 7-Alizadeh Sani SMO 92.09 (@] W RF
[491, 2013 Z-Alizadeh Sani Bagging 79.54 MLP
[19], 2013 Cleveland SVM 82.00 LR
[15], 2015 Cleveland DT 78.54 91.13 9114 9120 9145 9178 ' LDA
[23], 2017 Z-Alizadeh Sani DT 86.67 m KNN
[16], 2019 Cleveland RF 92.16 The Best 5 RESUItS
[21], 2020 Z-Alizadeh Sani RT 91.47
[22], 2021 Z-Alizadeh Sani DA 95.00 . : ) - ) )
[501, 2021 7-Alizadeh Sani DT 93.00 Fig. 5. The best five performing classifiers on the Z-Alizadeh Sani data set.
This study Cleveland MLP 85.47
This study Statlog MLP 85.55
This study Z-Alizadeh Sani MLP 91.78 mH5
7 mH3
] mss5
‘::7—, mS3
1B and 2B for the UCI Cleveland and UCI Stadlog data sets. One can @ HSVM
observe from Supplementary Fig. 3B that the SVM and the DK-based O HRF
FS methods yielded better performance metrics compared to the other LMRLP
FS methods for the Z-Alizadeh Sani data set. Based on these findings, LDA
. . . 84.80 85.10 85.11 85.45 85.47
we can state that, in terms of the frequencies of FS methods in the top = KNN

100, top 500, and top 1000 results, SVM and DK FS methods achieve
satisfactory results on the three CAD data sets used in this study.

On the other hand, with the development of new technologies, it
becomes possible to build an online system that can diagnose CAD
disease all around the world using edge computing [51]. Such systems
can provide closed-to-user and ultra-low latency computation [52,53].
Hereby, a better model can be obtained, and the accuracy of the
diagnosis can be improved.

8. Conclusions

With the development of ML techniques, it becomes possible to diag-
nose CAD at a lower cost by using biochemical values. However, there
is no internationally recognized standard ML approach for CAD diag-
nosis. Although some studies have reported satisfactory performance
results for the CAD diagnosis on a particular CAD data set, these models
do not perform well on different CAD data sets. In this study, for a CAD
diagnosis problem, two ensemble FS approaches have been proposed,
and different classification algorithms have been experimented. Our
exhaustive ensemble FS approach analyzed all possible combinations of
seven different computational FS methods and one DK-based FS method
for different numbers of features. Our probabilistic FS approach assigns
a probabilistic score to each feature, indicating the chance that feature
will be included in the ensemble FS method. Hence, the probabilistic
FS approach gives a chance to lower scoring features. For the classifi-
cation task, six single classifiers and one ensemble classifier with four
variations are utilized. Although none of the existing studies present a
detailed performance evaluation, in this study, the performance results
of the proposed approach are presented with several evaluation metrics,
including accuracy, sensitivity, precision, F1-measure, and AUC. In our

The Best 5 Results

Fig. 6. The best five performing classifiers on the Cleveland data set.

mH5
mH3

mSs5

mS3
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‘ [ MEE

LR
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m KNN
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8529 8629  86.66
The Best 5 Results

85.55

Fig. 7. The best five performing classifiers on the Statlog data set.

experiments with stratified 10-fold CV, the MLP classifier achieved one
of the best performance results in three CAD data sets. This model
resulted in 91.78% accuracy, 93.50% sensitivity, 95.14% precision,
0.941 F-measure, and 0.956 AUC on the Z-Alizadeh Sani data set.
The same classifier achieved 85.47% accuracy, 82.96% sensitivity,
86.22% precision, 0.839 F-measure, and 0.911 AUC on the Cleveland
data set. Lastly, the same classifier achieved 85.55% accuracy, 85.00%
sensitivity, 86.25% precision, 0.853 F-measure, and 0.888 AUC on the
Statlog data set.

The main contribution of this paper is the proposed ensemble-based
FS approaches. It is noteworthy to state that our primary goal is to offer
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an adaptive approach that can work on several CAD data sets without
additional analysis. The proposed approaches are tested on three differ-
ent CAD data sets and shown to generate decent performance in terms
of accuracy, sensitivity, precision, F-measure, and AUC. Our proposed
model could be adapted to current practice easily. In future work, using
our proposed FS methodology, we plan to study various deep learning
algorithms with different CAD data sets.
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