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A B S T R A C T

In medical imaging procedures for the detection of coronavirus, apart from medical tests, approval of diagnosis
has special significance. Imaging procedures are also useful for detecting the damage caused by COVID-19.
Chest X-ray imaging is frequently used to diagnose COVID-19 and different pneumonias. This paper presents
a task-specific framework to detect coronavirus in X-ray images. Binary classification of three different labels
(healthy, bacterial pneumonia, and COVID-19) was performed on two differentiated data sets in which corona
is stated as positive. First-order statistics, gray level co-occurrence matrix, gray level run length matrix,
and gray level size zone matrix were analyzed to form fifteen sub-data sets and to ascertain the necessary
radiomics. Two normalization methods are compared to make the data meaningful. Furthermore, five feature
ranking approaches (Bhattacharyya, entropy, Roc, t-test, and Wilcoxon) are mentioned to provide necessary
information to a state-of-the-art classifier based on Gauss-map-based chaotic particle swarm optimization
and neural networks. The proposed framework was designed according to the analyses about radiomics,
normalization approaches, and filter-based feature ranking methods. In experiments, seven metrics were
evaluated to objectively determine the results: accuracy, area under the receiver operating characteristic (ROC)
curve, sensitivity, specificity, g-mean, precision, and f-measure. The proposed framework showed promising
scores on two X-ray-based data sets, especially with the accuracy and area under the ROC curve rates exceeding
99% for the classification of coronavirus vs. others.
. Introduction

COVID-19 has become a mortal pandemic, and its detection is vital
or not only COVID-19 positive individuals but also for people who have
een in close proximity to such individuals [1]. The early detection
f coronavirus is important to provide necessary medical intervention
espite the unknown prognosis [2]. In this context, literature studies
n computer-aided diagnosis systems can help medical experts for
upporting the diagnosis to be decided [3–5].

Here, we propose a task-specific framework for detecting coron-
virus in X-ray images. For this purpose, framework analyses were
erformed by using four radiomics, two normalization approaches,
ive filter-based feature selection methods and an efficient optimized
lassifier. The optimized classifier is kept constant at the end of the
ramework. These analyses were examined in detail to design the re-
aining parts of the framework and to realize the highest classification
erformance that the framework was capable of.

✩ Acknowledgment: This work is supported by the Coordinatorship of Konya Technical University’s Scientific Research Projects.
∗ Correspondence to: Konya Technical University, Faculty of Engineering and Natural Sciences, Electrical & Electronics Engineering
epartment, 42250, Konya, Turkey.

E-mail addresses: hkoyuncu@ktun.edu.tr (H. Koyuncu), mbarstugan@ktun.edu.tr (M. Barstuğan).

1.1. Review of state-of-the-art methods

Ozturk et al. [6] proposed a COVID-19 detection model based on
chest X-ray images, and they performed binary (COVID-19 and no-
finding) and multiclass (COVID-19 and no-finding and pneumonia)
classifications on two challenging data sets. The first data set included
125 COVID-19 and 500 no-finding images, while the second one in-
volved 125 COVID-19, 500 no-finding, and 500 pneumonia cases. Both
data sets were discriminated by DarkCovidNet, which yielded classi-
fication accuracies of 98.08% and 87.02% for binary and multiclass
classifications, respectively. Toğaçar et al. [7] used a support vector
machine (SVM)-based model to classify an X-ray data set including
295 coronavirus, 65 normal, and 98 pneumonia cases. A preprocessing
step in which the data classes were restructured using a fuzzy color
algorithm was used for the images. The restructured images were
then stacked with the original images, and deep learning models were
considered to extract features from the data set. Efficient features were
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selected with social mimic optimization (SMO) and classified by the
SVM-based model. The proposed model achieved 99.27% accuracy for
multiclass classification. Ucar and Korkmaz [8] designed a diagnosis
model employing Deep Bayes-SqueezeNet to categorize coronavirus
in X-ray images. The data set used by them contained X-ray images
belonging to three categories (1583 normal, 4290 pneumonia and 76
COVID-19), and the data were augmented to obtain higher perfor-
mance. After augmentation, the proposed model achieved an overall
accuracy of 98.26% for multiclass classification. Apostolopoulos and
Mpesiana [9] compared deep learning methods by considering two X-
ray-based data sets: one consisting of 224 COVID-19, 700 bacterial
pneumonia, and 504 normal images and the other comprising 224
COVID-19, 714 bacterial and viral, and 504 normal cases. Pretrained
models such as VGG19, MobileNet-v2, and Inception-ResNet-v2 were
implemented for binary and multiclass classification, and the best
accuracy rate (96.78%) was recorded for binary classification with
MobileNet-v2. Butt et al. [10] constructed a CT image data set com-
prising 184 COVID-19, 194 influenza-A viral pneumonia, and 145
healthy cases. They proposed a model employing a three-dimensional
(3D) convolutional neural network (CNN) and used it to segment and
identify the candidate region. The model achieved an area under the
ROC (which stands for ‘‘receiver operating characteristic’’) curve (AUC)
score of 99.6% for coronavirus vs. noncoronavirus classification. Li
et al. [11] used 4356 CT images to train a 3D deep learning model
named COVNet. The collected data set was divided into two classes:
COVID-19 and others. In experiments, COVNet achieved an AUC score
of 96% for the detection of coronavirus. Kang et al. [12] used 2522
CT images containing 1495 COVID-19 and 1027 pneumonia cases,
and employed the V-Net model was handled to obtain the lung, lung
lobes, and pulmonary segments. The lesion region was subsequently
segmented. Radiomic and handcrafted features were extracted from
each CT image, and five classifiers were used to categorize them. The
best classification accuracy (95.5%) was achieved by a neural network
(NN) algorithm. Afshar et al. [13] used a model processing capsule
network (CN) to classify X-ray images belonging to four types of classes
(individuals with COVID-19, those with a viral disease, those with
a bacterial disease, and normal individuals). The study focused on
coronavirus vs. noncoronavirus classification to detect COVID-19. The
CN-based structure achieved 95.7% accuracy. Subsequently, the appli-
cation of a transfer learning method to the CN increased the accuracy
up to 98.3%. Mahdy et al. [14] performed binary classification on X-
ray images comprising 15 normal and 25 COVID-19 cases. The study
first performed multilevel thresholding on images, and the thresholding
results were classified into two categories (COVID-19 and normal) with
an SVM. Experiments showed that the suggested pipeline achieved
97.48% accuracy for binary classification. Hemdan et al. [15] used
different deep learning methods to classify 25 COVID-19 and 25 normal
cases in an X-ray data set. The best classification accuracy (90%) was
obtained by the VGG19 and DenseNet201 algorithms.

Table 1 presents a review of state-of-the-art methods.
In addition to diagnoses with imaging modalities, blood tests [16,

17] and clinical data [18] have also been considered for COVID-19
diagnosis.

Deep-learning-based approaches have been frequently used for
COVID-19 classification. However, the necessity of a comprehensive-
task affirmative framework keeps its currency to achieve remarkable
results on coronavirus classification. In particular, there is a need for
a framework design for distinguishing samples involving coronavirus
from other labels.

Studies on coronavirus detection generally perform binary and mul-
ticlass classification. In particular, the binary categorization of multi-
class data is important. In other words, the design of a task-specific
framework should focus on detection of the target illness, and it should
be capable of revealing the sample corresponding to the illness from
among other labels, including normal samples. An illness-based clas-
sification model based on binary classification of multiclass data per-

taining to the illness and other labels can be designed. Furthermore, a w

2

coronavirus-specific framework that is intended solely for the detection
of coronavirus can be designed. Herein, this process arises as the second
necessity of the literature.

1.2. Framework design review

As the first step in the development of a task-affirmative framework,
the radiomic features to be extracted should be identified; these fea-
tures help achieve reliable performance. At this point, the combination
of these features and their in-depth analysis constitute the selective
information to be processed among the model. First-order statistics
(FOS), gray level co-occurrence matrix (GLCM), gray level run length
matrix (GLRLM), and gray level size zone matrix (GLSZM) are efficient
radiomics frequently used in tasks such as adrenal tumor classification,
esophageal cancer categorization, and brain tumor grading [19–24].
These radiomics have also been used in various imaging modalities
such as X-ray, magnetic resonance (MR), computed tomography (CT)
imaging [19–24]. Yang et al. [19] designed a pipeline for esophageal
cancer classification in X-ray images. GLCM features were evaluated
as textural information and seen as one class of feature extraction
tools. Liao et al. [20] mentioned that different radiomics obtained
in MR images, namely, FOS, GLCM, and GLSZM, apart from others
could be used for making survival predictions of patients. Koyuncu
et al. [21] used discrete wavelet transform (DWT) and GLCM features
to categorize adrenal tumors as binary in 114 CT images involving
eight types of tumors. Barstuğan et al. [22] added GLRLM features in
addition to DWT and GLCM radiomics to classify adrenal tumors in
122 MR images involving nine types of tumors. Yang et al. [23] graded
rheumatoid arthritis in ultrasound images by using a problem-specific
model that was developed on the basis of tests with GLCM features and
SVM derivatives.

As the second step in the development of a task-oriented model, fea-
ture ranking approaches, which are as significant as radiomics, should
be chosen since the essential information should be provided to the
classifier for achieving the best performance. Raghavendra et al. [24]
compared Bhattacharyya, entropy, Roc, t-test, and Wilcoxon rankings
o find the coherent ranking with the classifier unit. In experiments,
chocardiographic images were categorized into two classes: normal
nd ischemic heart disease. Nascimento et al. [25] proposed a special
ipeline to classify lymphoma images, and the Wilcoxon ranking was
sed in the feature selection part near of other methods for improving
he classification performance. Momenzadeh et al. [26] developed a
idden-Markov-model-based framework by considering Bhattacharyya,
ntropy, Roc, t-test, and Wilcoxon rankings to classify microarray data
ets. They considered B-cell lymphoma, leukemia cancer, and prostate
ata sets to evaluate the performance of the framework. Koyuncu
t al. [27] considered FOS features along with five feature ranking
pproaches (Bhattacharyya, entropy, Roc, t-test, and Wilcoxon) to clas-
ify high and low grade gliomas (brain tumors) defined in different
RI-phase combinations.

As the third step in the development of an efficient framework,
he classifier unit, which is the most important section, should be
valuated using a state-of-the-art classifier. Koyuncu [28] examined
haotic particle swarm optimization (CPSO) and compared different
haotic maps to determine the most effective CPSO. Gauss-map-based
PSO (GM-CPSO) achieved remarkable convergence against state-of-
he-art methods for global function optimization. To test the efficiency
f GM-CPSO, Koyuncu hybridized it with a NN, and designing a hybrid
lassifier was considered as the second task. GM-CPSO–NN was com-
ared with recent and efficient hybrid classifiers for epileptic seizure
ecognition. In the data set, five categories (tumor area, nontumor
rea, closed-eye, and open-eye recordings with no seizure activity,
nd seizure activity) were considered, and the seizure vs. nonseizure
iscrimination was performed with the highest accuracy (97.24%)
y GM-CPSO–NN. In another study of Koyuncu [29], GM-CPSO–NN

as compared with robust hybrid NNs and with the derivatives of
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Table 1
Review of state-of-the-art method review.

Study Database Year Features extracted Classification method Network type

Ozturk et al. [6] GitHub - Covid
Chest X-ray Data set

2020 Deep features Binary classification CNN
Ozturk et al. [6] 2020 Deep features Multiclass Classification CNN

Toğaçar et al. [7] 1. GitHub - Covid Chest X-ray
Data set 2020 Deep features Multiclass classification SVM

2. Kaggle - COVID-19 Chest
X-ray Database

Ucar and Korkmaz [8]

1. Kaggle - COVID-19 Chest
X-ray Database 2020 Deep features Multiclass classification Deep Bayes-SqueezeNet2. Kaggle - RSNA Pneumonia
Detection Challenge
3. GitHub - Actualmed-COVID-
Chest X-ray Data set
4. GitHub - Covid Chest X-ray
Data set

Apostolopoulos and Mpesiana [9] Kaggle – X-rays and
CT Snapshots of
COVID-19 Patients

2020

Deep features

Binary classification Pretrained models
Apostolopoulos and Mpesiana [9] 2020 Binary classification Pretrained models
Apostolopoulos and Mpesiana [9] 2020 Multiclass classification Pretrained models
Apostolopoulos and Mpesiana [9] 2020 Multiclass classification Pretrained models

Butt et al. [10] Not Declared 2020 Deep features Multiclass classification 3D CNN
Li et al. [11] GitHub - COVNet 2020 Deep features Binary classification 3D CNN
Kang et al. [12] Chinese Center for Disease

control and prevention
2020 Radiomic and

Handcrafted features
Binary classification V-Net

Afshar et al. [13]

1. Kaggle - COVID-19 Chest
X-ray Database 2020 Deep features Binary classification Capsule network2. Kaggle - RSNA Pneumonia
Detection Challenge
3. GitHub - Actualmed-COVID-
Chest X-ray data set
4. GitHub - Covid Chest X-ray
data set

Mahdy et al. [14] 1. Montgomery County X-ray
data set 2020 No feature

extraction Binary classification SVM

2. GitHub - Covid Chest X-ray
data set

Hemdan et al. [15] GitHub - Covid Chest X-ray
Data set

2020 Deep features Binary classification Pretrained models
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SVM for Parkinson’s disease (PD) classification. Experiments showed
that GM-CPSO–NN outperformed all classifiers in seven metric-based
tests conducted on two PD data sets. In yet another study, Koyuncu
et al. [27] used GM-CPSO–NN as the classifier unit to design a task-
affirmative framework for brain tumor classification. Two optimized
classifiers were compared with GM-CPSO–NN to identify the classifier
that was appropriate for the construction of the framework. According
to the results, the framework containing GM-CPSO–NN had the high-
est accuracy score (90.18%) for the binary characterization of brain
tumors.

In this study, four efficient radiomics (FOS, GLCM, GLRLM, and
GLSZM) were evaluated to determine the best data combination, to
rise the selective information, and to design a task-affirmative frame-
work for binary (coronavirus vs. noncoronavirus) classification. Fur-
hermore, two normalization methods (minmax and z-score) were com-
ared among radiomics to make the data meaningful. Additionally,
ive feature ranking approaches (Bhattacharyya, entropy, Roc, t-test, and

ilcoxon) were used to obtain the necessary information that was to be
rovided to the classifier unit for achieving the highest performance.
M-CPSO–NN was chosen as the classifier owing to its efficiency in
ifferent classification tasks and since it was a state-of-the-art classifier.

The salient features of this paper are as follows:

• It presents a comprehensive study on the design of a specific
COVID-19 framework by using radiomics, selective information,
feature ranking, and an efficient classifier.

• It presents a detailed study on coronavirus vs. noncoronavirus
discrimination.

• It is the first study to develop an optimized NN-based framework
for COVID-19 categorization.
 t

3

The paper is organized as follows. The GM-CPSO–NN method, ra-
iomics and feature ranking approaches used in this study, and general
cheme of framework analysis are presented in Section 2. Information
n the data set used in this study, the experimental analysis per-
ormed, and interpretations are discussed in Section 3. Concerning the
xperimental results, proposed framework is taken form and presented
n Section 4 beside of the literature comparison. Finally, Section 5
rovides the concluding remark.

. Methods

In this section, the design of the optimized classifier (GM-CPSO–NN)
s described, the radiomics and feature ranking approaches used are
riefly discussed, and the overall flow and specifications of the designed
ramework are visually interpreted.

.1. Gauss-map-based chaotic particle swarm optimization – Neural net-
ork

GM-CPSO was developed by Koyuncu [28] through chaotic behavior
nalysis performed with a particle swarm optimization (PSO) algo-
ithm. GM-CPSO uses (1) and (2) to obtain the new velocity and new
osition vectors, respectively [28].

𝑖 (𝑡 + 1) = 𝜔𝑉𝑖 (𝑡) + 𝑐1𝑟1 (𝑡)
(

𝑋𝑝𝑏𝑒𝑠𝑡(𝑖) (𝑡) −𝑋𝑖 (𝑡)
)

+ 𝑐2𝑟2 (𝑡)
(

𝑋𝑔𝑏𝑒𝑠𝑡 (𝑡) −𝑋𝑖 (𝑡)
)

(1)

𝑖 (𝑡 + 1) = 𝑋𝑖 (𝑡) + 𝑉𝑖 (𝑡 + 1) (2)

In (1) and (2), 𝑉𝑖(t) and 𝑉𝑖(t+1) are the current and new velocities,
hile 𝑋𝑖(t) and 𝑋𝑖(t+1) denote the current and new positions, respec-

ively. Here, the velocity can be defined as the step size that limits
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Table 2
Pseudocode of GM-CPSO.

– Determine the parameter values and ranges
– Assign the first positions
– Calculate the error or profit
– Define 𝑋𝑝𝑏𝑒𝑠𝑡(𝑖)(0) = 𝑋𝑖(0) and 𝑋𝑔𝑏𝑒𝑠𝑡(0) = best(𝑋𝑝𝑏𝑒𝑠𝑡(𝑖)(0))
– Update the inertia weight vector according to the maximum iteration number →

(3)
While (iteration < maximum iteration number)

– Computation of new velocity and position vectors → (1) and (2)
– Calculate the error or profit
If (minimum error or maximum profit is reached)
– Save the best particle vector and its fitness
– Break

End
– Attain the 𝑋𝑝𝑏𝑒𝑠𝑡 vector for every particle and 𝑋𝑔𝑏𝑒𝑠𝑡 for the entire swarm
– iteration++

End

the movement of position. 𝑋𝑝𝑏𝑒𝑠𝑡(𝑖)(t) and 𝑋𝑔𝑏𝑒𝑠𝑡(t) are the individual
est position of the 𝑖th particle and the global best solution (position)
or the entire swarm (all particles), respectively, 𝑐1 and 𝑐2 are the
cceleration constants moving the particles to the individual and global
est solutions, 𝑟1 and 𝑟2 are random numbers generated within the
ange (0,1), and 𝜔 is the inertia weight restricting the velocity acts.
n PSO, 𝜔 is frequently set to be a constant value or a variable that
s iteratively changed according to the linear descent movement. In
M-CPSO, 𝜔 is a variable and it is adjusted according to the Gauss
ap defined in (3) below. Here, the initial value (𝜔(0)) is set to 0.7

o achieve robust chaotic behavior [28–30].

(𝑖 + 1) =

⎧

⎪

⎨

⎪

⎩

1 𝜔 (𝑖) = 0
1

mod (𝜔 (𝑖) , 1)
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

, 𝜔 (0) = 0.7 (3)

As evident in (3), the Gauss map can be equal to zero during
iterations, which eliminates the effect of the current velocity on the new
velocity. Thus, solution diversity is upgraded by using or eliminating
the current velocity phenomenon, which directly effects the new veloc-
ity and indirectly the new position. Table 2 presents the pseudocode of
GM-CPSO.

An NN generally uses backpropagation-type feedback methods. An
error metric, the mean squared error (MSE) being usually preferred, is
used to detect the fitness of networks according to the desired and ob-
tained outputs. Backpropagation-type methods can cause fluctuations
in the error, and optimization algorithms are employed to improve
the convergence of the error rate toward the minimum level [31]. In
optimized NNs, the optimization algorithm is generally changed using
the feedback algorithm of the NN. The formed structure is defined as
hybrid, hybridized, or optimized NN. To simplify the presentation of
optimized NNs, we can focus on the flow of the optimization algorithm.

In every iteration of the training phase, the optimized NN evalu-
ates different networks, and the network number is specified as the
particle number of the optimization algorithm. Different networks are
compared to improve the classification of the patterns at each iter-
ation. Furthermore, these networks are generated according to the
phenomena declared in optimization algorithm.

In optimized NNs, every network includes different weight-bias
values, and these networks are generally transformed into vectors to
be processed by optimization algorithm. In other words, every network
is represented as a weight-bias vector. In particular, a network of the
optimized NN can be referred to as a particle, position, or weight-bias
vector.

Briefly, in the hybrid method, the calculation of the fitness in the
optimization approach (e.g., the third and seventh items in Table 2)
involves the operation of NNs and the determination of MSE rates for
each network used [27,28].

In optimized NNs, the flowchart of the optimization algorithm can

be considered to describe the training phase in which the aim is to

4

detect the best weight-bias vector (network). The test part consists
of only the evaluation of test data with the best network determined
by the optimization algorithm. In other words, the test part employs
the best weight-bias vector (the best network) yielding the minimum
MSE found in the training phase, to test the system performance.
Notably, the performance of optimized NNs depends on the quality of
the optimization approach used.

In addition to the parameters of the optimization algorithm, the
optimized NNs involve the general NN parameters (hidden node num-
ber, maximum iteration number, and minimum error). Concerning the
general structure of optimized NNs, GM-CPSO–NN algorithm can be
revealed as defined in Fig. 1 by originating the flow of GM-CPSO
in training part of the classifier. As declared before, every network
(weight-bias vector) can be considered as a particle (position vector)
in the optimization method [27–29,31].

In Fig. 1, parameter definitions include the aforementioned PSO
parameters besides NN parameters. [𝑋𝑚𝑖𝑛, 𝑋𝑚𝑎𝑥] are defined as the
oundaries of weight-bias vectors, and it is advisable to choose the
elocity boundaries ([𝑉𝑚𝑖𝑛, 𝑉𝑚𝑎𝑥]) as 0.2 times the position boundaries
or better convergence [31]. Furthermore, the total network number
s defined to be equal to the population size (particle number) of the
ptimization algorithm. For the achievement of the best classification
erformance, the population size, hidden node number, acceleration
onstants, and maximum iteration number should be analyzed in detail.

.2. Texture radiomics

FOS are the mean, standard deviation, skewness, kurtosis, energy, and
entropy, obtained from a histogram or acquired directly from an image.
As one of the most popular and preferred radiomics, FOS features do
not vary among studies [27]. However, the GLCM, GLRLM, and GLSZM
features can differ from one study to another, depending on work
preferences or the advice of the literature. Concerning this, we need
to explain the GLCM, GLRLM, and GLSZM features. For details on the
determination of FOS features, the reader is referred to ref. [27].

Information acquired on a single pixel value does not provide
detailed information about the texture of an image. Although statistical
measurements are easy to obtain, there is no distinctive information
obtained via single-pixel-based analysis. The GLCM [32] is based on
the pixel intensity distribution of an image, and is part of second-
order statistics. The co-occurrence matrix, which provides information
on pixel neighborhoods, contains significant information about the
positions of pixels with similar gray levels [32]. It is defined as P

[p(i,j| d,𝜃)] and is used to determine the frequency features of
ixels (gray value i) and their neighboring pixels (gray value j) at
istance d and in direction 𝜃 [32]. In this study, 19 efficient features
ere extracted using the GLCM method; angular secondary moment,

ontrast, correlation, autocorrelation, entropy, cluster prominence, cluster
shade, dissimilarity, sum of squares: variance, difference variance, inverse
difference moment, inverse difference, maximum probability, sum average,
sum entropy, sum variance, difference entropy, information measures of
orrelation 1, and information measures of correlation 2 were evaluated
n X-ray images. Let 𝑁𝑔 be the number of different gray levels in a
uantized image, and let p(i,j) denote the (i,j)th input in a normalized
ray scale spatial dependence matrix. Let 𝑝𝑥(i) and 𝑝𝑦(j) signify the
th and 𝑗th entries in the marginal probability matrix, obtained by
umming the rows and columns of p(i,j). Furthermore, let 𝜇𝑥 and 𝜇𝑦 be
he mean values of 𝑝𝑥 and 𝑝𝑦, and let 𝜎𝑥 and 𝜎𝑦 represent their standard
eviations, respectively. The features used can then be expressed as
ollows [32–34].

𝑦(𝑗) =
𝑁𝑔
∑

𝑖=1
𝑝(𝑖, 𝑗) (4)

𝑥+𝑦(𝑘) =
𝑁𝑔
∑

𝑁𝑔
∑

𝑝(𝑖, 𝑗), 𝑖 + 𝑗 = 𝑘, 𝑘 = 2, 3,… , 2𝑁𝑔 (5)

𝑖=1 𝑗=1
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𝑝

𝐻

𝐻

Fig. 1. Flowchart of GM-CPSO–NN.
𝐷

𝑆

𝐷

𝐼

𝑥−𝑦(𝑘) =
𝑁𝑔
∑

𝑖=1

𝑁𝑔
∑

𝑗=1
𝑝(𝑖, 𝑗), |𝑖 − 𝑗| = 𝑘, 𝑘 = 0, 1,… , 𝑁𝑔 − 1 (6)

𝑋𝑌 = −
∑

𝑖

∑

𝑗
𝑝(𝑖, 𝑗) log(𝑝(𝑖, 𝑗)) (7)

𝑋𝑌 1 = −
∑

𝑖

∑

𝑗
𝑝(𝑖, 𝑗) log

{

𝑝𝑥(𝑖)𝑝𝑦(𝑗)
}

(8)

𝐻𝑋𝑌 2 = −
∑

𝑖

∑

𝑗
𝑝𝑥(𝑖)𝑝𝑦(𝑗) log

{

𝑝𝑥(𝑖)𝑝𝑦(𝑗)
}

(9)

𝐴𝑛𝑔𝑢𝑙𝑎𝑟 𝑠𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 𝑚𝑜𝑚𝑒𝑛𝑡 =
∑

𝑖

∑

𝑗
{𝑝(𝑖, 𝑗)}2 (10)

𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 =
𝑁𝑔−1
∑

𝑛=0
𝑛2

⎧

⎪

⎨

⎪

⎩

𝑁𝑔
∑

𝑖=1

𝑁𝑔
∑

𝑗=1
𝑝(𝑖, 𝑗)

⎫

⎪

⎬

⎪

⎭

, |𝑖 − 𝑗| = 𝑛 (11)

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 =
∑

𝑖
∑

𝑗 (𝑖𝑗)𝑝(𝑖, 𝑗) − 𝜇𝑥𝜇𝑦 (12)

𝜎𝑥𝜎𝑦

5

𝐴𝑢𝑡𝑜𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 =
∑

𝑖

∑

𝑗

(𝑝𝑥 − 𝜇𝑥)(𝑝𝑦 − 𝜇𝑦)
𝜎𝑥𝜎𝑦

(13)

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = −
∑

𝑖

∑

𝑗
𝑝(𝑖, 𝑗) log(𝑝(𝑖, 𝑗)) (14)

𝐶𝑙𝑢𝑠𝑡𝑒𝑟 𝑝𝑟𝑜𝑚𝑖𝑛𝑒𝑛𝑐𝑒 =
∑

𝑖

∑

𝑗
(𝑖 + 𝑗 − 𝜇𝑥 − 𝜇𝑦)4𝑝(𝑖, 𝑗) (15)

𝐶𝑙𝑢𝑠𝑡𝑒𝑟 𝑠ℎ𝑎𝑑𝑒 =
∑

𝑖

∑

𝑗
(𝑖 + 𝑗 − 𝜇𝑥 − 𝜇𝑦)3𝑝(𝑖, 𝑗) (16)

𝑖𝑠𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 =
∑

𝑖

∑

𝑗
𝑝(𝑖, 𝑗) |𝑖 − 𝑗| (17)

𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠∶ 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =
∑

𝑖

∑

𝑗
(𝑖 − 𝜇)2𝑝(𝑖, 𝑗) (18)

𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =
∑

𝑖
𝑖2𝑝𝑥−𝑦(𝑖) (19)

𝑛𝑣𝑒𝑟𝑠𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑚𝑜𝑚𝑒𝑛𝑡 =
∑∑ 𝑝(𝑖, 𝑗)

2
(20)
𝑖 𝑗 1 + (𝑖 − 𝑗)
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𝐼

𝑍

𝑍

𝐼𝑛𝑣𝑒𝑟𝑠𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =
∑

𝑖

∑

𝑗

𝑝(𝑖, 𝑗)
1 + |𝑖 − 𝑗|

(21)

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 𝑀𝐴𝑋𝑖,𝑗𝑝(𝑖, 𝑗) (22)

𝑆𝑢𝑚 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 =
2𝑁𝑔
∑

𝑖=2
𝑖 𝑝𝑥+𝑦(𝑖) (23)

𝑆𝑢𝑚 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = −
2𝑁𝑔
∑

𝑖=2
𝑝𝑥+𝑦(𝑖) log

{

𝑝𝑥+𝑦(𝑖)
}

(24)

𝑆𝑢𝑚 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =
2𝑁𝑔
∑

𝑖=2
(𝑖 − 𝑠𝑢𝑚 𝑒𝑛𝑡𝑟𝑜𝑝𝑦)2𝑝𝑥+𝑦(𝑖) (25)

𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = −
𝑁𝑔−1
∑

𝑖=0
𝑝𝑥−𝑦(𝑖) log

{

𝑝𝑥−𝑦(𝑖)
}

(26)

𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 1 = 𝐻𝑋𝑌 −𝐻𝑋𝑌 1
max {𝐻𝑋,𝐻𝑌 }

(27)

𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 2 = (1−exp[−2(𝐻𝑋𝑌 2−𝐻𝑋𝑌 )])1∕2

(28)

The GLRLM [35] reveals the size of homogeneous runs for each gray
level. Let G be the number of gray levels, R be the longest run, and W
be the number of pixels. The obtained GLRLM has a size G × R, and the
elements of each p(i,j|𝜃) give the number of occurrences with direction
𝜃, gray level i, and run length j. This study extracted short run emphasis
(SRE), long run emphasis (LRE), gray level nonuniformity (GLN), run length
nonuniformity (RLN), run percentage (RP), low gray level run emphasis
(LGRE), and high gray level run emphasis (HGRE) from the GLRLM [35].
The features used are presented in (29)–(35) [35].

𝑆𝑅𝐸 =
𝐺
∑

𝑖=1

𝑅
∑

𝑗=1

𝑝(𝑖, 𝑗|𝜃)
𝑗2

/ 𝐺
∑

𝑖=1

𝑅
∑

𝑗=1
𝑝(𝑖, 𝑗|𝜃) (29)

𝐿𝑅𝐸 =
𝐺
∑

𝑖=1

𝑅
∑

𝑗=1
𝑗2𝑝(𝑖, 𝑗|𝜃)

/ 𝐺
∑

𝑖=1

𝑅
∑

𝑗=1
𝑝(𝑖, 𝑗|𝜃) (30)

𝐺𝐿𝑁 =
𝐺
∑

𝑖=1

( 𝑅
∑

𝑗=1
𝑝(𝑖, 𝑗|𝜃)

)2 / 𝐺
∑

𝑖=1

𝑅
∑

𝑗=1
𝑝(𝑖, 𝑗|𝜃) (31)

𝑅𝐿𝑁 =
𝑅
∑

𝑗=1

( 𝐺
∑

𝑖=1
𝑝(𝑖, 𝑗|𝜃)

)2 / 𝐺
∑

𝑖=1

𝑅
∑

𝑗=1
𝑝(𝑖, 𝑗|𝜃) (32)

𝑅𝑃 = 1
𝑁

𝐺
∑

𝑖=1

𝑅
∑

𝑗=1
𝑝(𝑖, 𝑗|𝜃) (33)

𝐿𝐺𝑅𝐸 =
𝐺
∑

𝑖=1

𝑅
∑

𝑗=1

𝑝(𝑖, 𝑗|𝜃)
𝑖2

/ 𝐺
∑

𝑖=1

𝑅
∑

𝑗=1
𝑝(𝑖, 𝑗|𝜃) (34)

𝐻𝐺𝑅𝐸 =
𝐺
∑

𝑖=1

𝑅
∑

𝑗=1
𝑖2𝑝(𝑖, 𝑗|𝜃)

/ 𝐺
∑

𝑖=1

𝑅
∑

𝑗=1
𝑝(𝑖, 𝑗|𝜃) (35)

The GLSZM [36] is an advanced statistical matrix and used for
texture characterization. In the GLSZM, run length principle is consid-
ered as the calculation method. The width of the matrix is dependent
on the zone sizes/surfaces. If the texture homogeneity increases, the
zones increase in size and the matrix width increases. Therefore, the
result matrix becomes wider. When the texture contains considerable
noise, so single pixel zones, the number of zones is large, sometimes
with close gray level values, which appear in a part of the matrix. By
contrast, when the texture is homogeneous, as there are less zones, the
matrix contains more zeros and is flattened. The GLSZM computes one
matrix for all directions, unlike the GLCM and GLRLM approaches. In
this study, 12 efficient features were considered for the GLSZM: small
zone emphasis (SZE), large zone emphasis (LZE), gray level nonuniformity
(GLNz), zone size nonuniformity (ZSN), zone percentage (ZP), low gray
level zone emphasis (LGZE), high gray level zone emphasis (HGZE), small
6

zone low gray level emphasis (SZLGE), small zone high gray level emphasis
(SZHGE), large zone low gray level emphasis (LZLGE), large zone high
gray level emphasis (LZHGE), and gray level variance (GLV). Let P be
a size zone matrix, p be the normalized size zone matrix, 𝑁𝑔 be the
number of discrete intensity values in the image, 𝑁𝑧 be the size of the
largest homogeneous region in the volume of interest (VOI), and 𝑁𝛼 be
the number of homogeneous zones in the images [36]. The evaluated
features can then be given by (36)–(49) [36].

𝜇𝑖 =
𝑁𝑔
∑

𝑖=1
𝑖
𝑁𝑧
∑

𝑗=1
𝑝(𝑖, 𝑗) (36)

𝑝(𝑖, 𝑗) = 𝑃 (𝑖, 𝑗)

/ 𝑁𝑔
∑

𝑖=1

𝑁𝑧
∑

𝑗=1
𝑃 (𝑖, 𝑗) (37)

𝑆𝑍𝐸 =
𝑁𝑔
∑

𝑖=1

𝑁𝑧
∑

𝑗=1

𝑝(𝑖, 𝑗)
𝑗2

(38)

𝐿𝑍𝐸 =
𝑁𝑔
∑

𝑖=1

𝑁𝑧
∑

𝑗=1
𝑗2𝑝(𝑖, 𝑗) (39)

𝐺𝐿𝑁𝑧 =
𝑁𝑔
∑

𝑖=1

(𝑁𝑧
∑

𝑗=1
𝑝(𝑖, 𝑗)

)2

(40)

𝑆𝑁 =
𝑁𝑧
∑

𝑗=1

⎛

⎜

⎜

⎝

𝑁𝑔
∑

𝑖=1
𝑝(𝑖, 𝑗)

⎞

⎟

⎟

⎠

2

(41)

𝑃 =
𝑁𝑔
∑

𝑖=1

𝑁𝑧
∑

𝑗=1

𝑝(𝑖, 𝑗)
𝑁𝛼

(42)

𝐿𝐺𝑍𝐸 =
𝑁𝑔
∑

𝑖=1

𝑁𝑧
∑

𝑗=1

𝑝(𝑖, 𝑗)
𝑖2

(43)

𝐻𝐺𝑍𝐸 =
𝑁𝑔
∑

𝑖=1

𝑁𝑧
∑

𝑗=1
𝑖2𝑝(𝑖, 𝑗) (44)

𝑆𝑍𝐿𝐺𝐸 =
𝑁𝑔
∑

𝑖=1

𝑁𝑧
∑

𝑗=1

𝑝(𝑖, 𝑗)
𝑖2𝑗2

(45)

𝑆𝑍𝐻𝐺𝐸 =
𝑁𝑔
∑

𝑖=1

𝑁𝑧
∑

𝑗=1

𝑝(𝑖, 𝑗)𝑖2

𝑗2
(46)

𝐿𝑍𝐿𝐺𝐸 =
𝑁𝑔
∑

𝑖=1

𝑁𝑧
∑

𝑗=1

𝑝(𝑖, 𝑗)𝑗2

𝑖2
(47)

𝐿𝑍𝐻𝐺𝐸 =
𝑁𝑔
∑

𝑖=1

𝑁𝑧
∑

𝑗=1
𝑝(𝑖, 𝑗)𝑖2𝑗2 (48)

𝐺𝐿𝑉 = 1
𝑁𝑔 ×𝑁𝑧

𝑁𝑔
∑

𝑖=1

𝑁𝑧
∑

𝑗=1

(

𝑖𝑝(𝑖, 𝑗) − 𝜇𝑖
)2 (49)

2.3. Feature ranking approaches

This section presents a short summary of five feature ranking ap-
proaches (Bhattacharyya, entropy, Roc, t-test, and Wilcoxon) that are
frequently applied to upgrade system performance [27].

The Bhattacharyya distance (BD) measures the similarity between
two probability distributions, and it is calculated as shown in (50), for
two classes with normal distributions. Here, 𝜇1 and 𝜇2 are defined as
the means of the first and second classes, respectively, while 𝜎1 and 𝜎2
are the standard deviations of the classes [26,27].

𝐵𝐷 = 1
4
ln

[

1
4

(

𝜎21
𝜎22

+
𝜎22
𝜎21

+ 2

)]

+ 1
4

[

(𝜇1 − 𝜇2)2

𝜎21 + 𝜎22

]

(50)

The entropy test (e) is also referred to as Kullback–Leibler distance
or divergence, and it is used for classes with normal distributions. The
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Fig. 2. General scheme of framework analysis.
entropy of each feature is determined from (51) by using mean values
and standard deviations [27,37].

𝑒 = 1
2

[(

𝜎21
𝜎22

+
𝜎22
𝜎21

− 2

)

+

(

1
𝜎21

+ 1
𝜎22

)

(𝜇1 − 𝜇2)2
]

(51)

The t-test (t) score examines the mean values of two samples and
focuses on the difference between them. The t score is obtained by
using the mean, standard deviation, and sample sizes (𝑛1, 𝑛2), as shown
in (52) [26]. The absolute value of t is used to sort features. Larger
values indicate higher importance, similar to the entropy test [37].

𝑡 = 𝜇1 − 𝜇2

/

√

𝜎21
𝑛1

+
𝜎22
𝑛2

(52)

The ROC curve is obtained using the tail functions, defined as 𝑇𝑖(x),
and it is equal to (1 − 𝐹𝑖(x)) for 𝑖 = 1, 2. 𝐹𝑖(x) denotes the distribution
functions of X, and 𝐹1(x) and 𝐹2(x) denote the distribution functions
of the two classes. The ROC is defined as follows [37].

𝑅𝑂𝐶(𝑡) = 𝑇1
(

𝑇 −1
2 (𝑡)

)

, 𝑡 ∈ 0, 1 (53)

The Wilcoxon test is also termed Mann Whitney U test, and it is used
to calculate the feature importance via medians. It can assign the null
hypothesis in the event that normal distribution is not observed. If R
denotes the sum of ranks of samples, the z score being mentioned for
ranking, is obtained as follows [27].

𝑧 = 𝑅 −
𝑛1(𝑛1 + 𝑛2 + 1)

2

/
√

𝑛1𝑛2(𝑛1 + 𝑛2 + 1)
12

(54)
7

2.4. General scheme of framework analysis

In this paper, a comprehensive framework is proposed for COVID-
19 discrimination. X-ray images were first obtained from different
databases to form two data sets. FOS, GLCM, GLRLM, and GLSZM
features were extracted from images to determine the radiomics to be
used. Selective information was acquired by considering the necessary
combination of the radiomics. Fifteen sub-data sets with different ra-
diomic(s) were evaluated to ascertain the necessary combination. Two
normalization approaches (minmax and z-score) were also tested to
identify the appropriate one for the framework. After the identification
of the necessary radiomics and normalization approach, five feature
ranking methods (Bhattacharyya, entropy, Roc, t-test, and Wilcoxon)
were used to determine the classification process for which the best
performance of the framework was achieved. All evaluations were
performed with GM-CPSO–NN that proved oneself for the classification
of different medical data sets. Fig. 2 shows the general scheme of
framework analysis.

As evident in Fig. 2, data normalization was performed after ra-
diomics were obtained. Data combination analysis was performed to-
gether with the normalization technique. Subsequently, to the data
that included the required radiomics combination and normalized with
the appropriate technique, feature ranking was applied to finalize the
COVID-19 framework of which GM-CPSO–NN is kept as the classifier
unit.

3. Experimental results and interpretations

The first part of this section presents the features of the data used,
and the second part discusses an experimental analysis and interpre-
tations. Experiments were examined in three categories: (1) detection
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𝐴
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Fig. 3. Handicaps of data sets.
T
P

of the necessary combination of effective radiomics, (2) identification
of the appropriate normalization approach, (3) determination of the
essential feature ranking method. Seven metrics (accuracy, AUC, sen-
sitivity, specificity, g-mean, precision, and f-measure) were used to
comprehensively evaluate the framework performance [10,17]; their
equations are presented in (55)–(61). Twofold cross validation was used
as the test method since it offers a challenging approach to evaluate the
frameworks and to assess the imbalanced data sets. For details on the
determination of the metrics, the reader is referred to Ref. [28].

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁

(55)

𝑈𝐶 = 1
𝑚𝑛

𝑚
∑

𝑖=1

𝑛
∑

𝑗=1
1𝑝𝑖>𝑝𝑗 (56)

𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑇𝑃
(𝑇𝑃 + 𝐹𝑁)

(57)

𝑆𝑝𝑒𝑐𝑖𝑓 𝑖𝑐𝑖𝑡𝑦 = 𝑇𝑁
(𝑇𝑁 + 𝐹𝑃 )

(58)

𝐺 − 𝑚𝑒𝑎𝑛 =
√

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 × 𝑆𝑝𝑒𝑐𝑖𝑓 𝑖𝑐𝑖𝑡𝑦 (59)

𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
(𝑇𝑃 + 𝐹𝑃 )

(60)

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

(61)

.1. Features of data sets

The data used consisted of X-ray images with normal, bacterial
neumonia, and coronavirus labels. To construct a task-affirmative
ramework, we used a classification process in which normal and
acterial pneumonia were considered as negative classes and COVID-
9 was treated as a positive class. Two different databases were used
o obtain a detailed data repository [38–40].

In our repository, the first data set (data #1) was constructed using
0 samples for all classes. The second data set (data #2) comprised
00 images, with 80 COVID-19, 160 bacterial pneumonia, and 160
ormal images. The second data set was constructed to enforce the
lassification framework, and the data part involving coronavirus sam-
les remained low in contrast to the normal and pneumonia samples.
8

able 3
arameter settings and examination for GM-CPSO–NN.
Parameter Value/Range

Position ranges of weight → [𝑋𝑚𝑖𝑛,
𝑋𝑚𝑎𝑥]

[−10,10]

Position ranges of bias → [𝐵𝑋𝑚𝑖𝑛,
𝐵𝑋𝑚𝑎𝑥]

[−10,10]

Velocity ranges of weight → [𝑉𝑚𝑖𝑛,
𝑉𝑚𝑎𝑥]

[−2,2]

Velocity ranges of bias → [𝐵𝑉 𝑚𝑖𝑛,
𝐵𝑉 𝑚𝑎𝑥]

[−2,2]

Inertia weight Gauss map
Population size Variable in [5,10,. . . ,100]
𝑐1 = 4 - 𝑐2 Variable in [1.9,1.92,. . . ,2.1]
Maximum iteration number Variable in [500,1000,. . . ,5000]
Hidden node number Variable in [2,4,. . . , feature number *3]

In other words, there existed a data imbalance between positive and
negative cases, and it rendered the task of finding positive class labels
challenging; that is why this data set is mentioned [38–40]. This process
revealed the efficiency of our framework and showed whether it could
perform the necessary task under both conditions. There were two
handicaps in the X-ray images used (Fig. 3).

1. The first handicap was the similar contrast and gray level fea-
tures in X-ray images involving different class labels.

2. The second disadvantage arose because of the different contrast
and gray level features among X-ray images belonging to the
same class labels.

The framework should accurately distinguish different labels even
if they have similar features. Furthermore, it should determine the
same class labels in the event that they have different characteristics.
Though an efficient classifier (GM-CPSO–NN) was used to classify
the challenging data set, feature analyses was the most important
examination that could directly increase the classification success for
a customized-COVID-19 framework.
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Table 4
Performance comparison in terms of radiomics for data #1 (minmax normalization is active).

Data features/Success rates Accuracy AUC Sensitivity Specificity G-mean Precision F-measure

FOS 98,33 98,75 100 97,50 98,74 95,24 97,56
GLCM 93,33 90,94 83,75 98,13 90,65 95,71 89,33
GLRLM 78,75 73,44 57,50 89,38 71,69 73,02 64,34
GLSZM 95,00 94,06 91,25 96,88 94,02 93,59 92,41
FOS + GLCM 97,92 98,13 98,75 97,50 98,12 95,18 96,93
FOS + GLRLM 98,33 98,75 100 97,50 98,74 95,24 97,56
FOS + GLSZM 97,92 98,13 98,75 97,50 98,12 95,18 96,93
GLCM + GLRLM 91,25 88,44 80,00 96,88 88,03 92,75 85,91
GLCM + GLSZM 94,58 92,50 86,25 98,75 92,29 97,18 91,39
GLRLM + GLSZM 96,25 95,63 93,75 97,50 95,61 94,94 94,34
FOS + GLCM + GLRLM 97,92 98,44 100 96,88 98,43 94,12 96,97
FOS + GLCM + GLSZM 96,67 96,88 97,50 96,25 96,87 92,86 95,12
FOS + GLRLM + GLSZM 97,92 97,81 97,50 98,13 97,81 96,30 96,89
GLCM + GLRLM + GLSZM 96,25 96,56 97,50 95,63 96,56 91,76 94,55
FOS + GLCM + GLRLM + GLSZM 97,08 95,94 92,50 99,38 95,88 98,67 95,48

(Optimum results are italicized and bolded for every feature combination.)
Table 5
Performance comparison in terms of radiomics for data #1 (z-score normalization is active).

Data features Accuracy AUC Sensitivity Specificity G-mean Precision F-measure

FOS 97,92 98,44 100 96,88 98,43 94,12 96,97
GLCM 89,58 87,50 81,25 93,75 87,28 86,67 83,87
GLRLM 78,75 72,19 52,50 91,88 69,45 76,36 62,22
GLSZM 94,58 93,13 88,75 97,50 93,02 94,67 91,61
FOS + GLCM 95,42 94,38 91,25 97,50 94,32 94,81 92,99
FOS + GLRLM 97,50 98,13 100 96,25 98,11 93,02 96,39
FOS + GLSZM 96,67 97,19 98,75 95,63 97,17 91,86 95,18
GLCM + GLRLM 91,25 88,13 78,75 97,50 87,62 94,03 85,71
GLCM + GLSZM 94,58 94,69 95,00 94,38 94,69 89,41 92,12
GLRLM + GLSZM 96,67 96,25 95,00 97,50 96,24 95,00 95,00
FOS + GLCM + GLRLM 95,83 95,63 95,00 96,25 95,62 92,68 93,83
FOS + GLCM + GLSZM 96,25 94,69 90,00 99,38 94,57 98,63 94,12
FOS + GLRLM + GLSZM 98,75 99,06 100 98,13 99,06 96,39 98,16
GLCM + GLRLM + GLSZM 95,42 94,38 91,25 97,50 94,32 94,81 92,99
FOS + GLCM + GLRLM + GLSZM 94,58 94,69 95,00 94,38 94,69 89,41 92,12

(Optimum results are italicized and bolded for every feature combination.)
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3.2. Performance evaluation and analysis

To increase the classification success and perform a detailed per-
formance comparison, we comprehensively determined the parameter
settings of GM-CPSO–NN, and they are presented in Table 3. The
velocity ranges of the weight-bias values were maintained at 0.2 times
the position ranges for achieving higher performance [27–29]. Four
parameters (acceleration constants, hidden node number, population
size, and maximum iteration number) were varied to observe the
highest scores in trials by using seven metric-based comparisons. The
necessary feature combination, reliable normalization, and appropriate
feature ranking were determined by calculating the number of best
scores on the seven metrics.

3.2.1. Results and analysis for data #1
Tables 4 and 5 show the performance comparison of feature combi-

nations (radiomics evaluation) to which minmax and z-score approaches
were applied. In the absence of the application of a feature ranking
method, the first comparison (Tables 4 and 5) is related to the iden-
tification of effective radiomics. Subsequently, normalization analyses
were performed.

Table 4 shows that the best success rates of five metrics (accuracy,
AUC, sensitivity, f-measure, and g-mean) were achieved by using FOS
and FOS + GLRLM features, and the scores are identical for the two
features. If the accuracy and AUC metrics are scrutinized, five features
(FOS, FOS + GLCM, FOS + GLRLM, FOS + GLCM + GLRLM, and
OS + GLRLM + GLSZM) are observed to yield success scores over
7% for data #1. The key point of the analyses is FOS features, and
he addition of other features (except GLRLM) cannot provide higher

erformance. Even if the combination FOS + GLRLM reveals the same t

9

results and cannot enhance the performance, it can also be considered
as an appropriate preference.

Table 5 shows that the highest scores of five metrics (accuracy,
AUC, sensitivity, f-measure, and g-mean) were observed for FOS +
GLRLM + GLSZM features. Scores above 97% for the accuracy and
AUC metrics were attained in only three conditions (FOS, FOS +
GLRLM, and FOS + GLRLM + GLSZM). Although the choice of FOS

GLRLM provides a score above 97% for the accuracy and AUC
etrics, it decreases the performance on six metrics according to the

ates with FOS features. FOS + GLRLM + GLSZM features are superior
n terms of attaining remarkable scores. Moreover, it can be inferred
hat some additions (GLRLM with FOS features) can decrease the
erformance while some combinations (FOS + GLRLM + GLSZM) can
ffer higher performance despite adding new features (GLSZM) to a
erformance-reducing preference (FOS +GLRLM).

Fig. 4 presents a summary of the best results assessed by using the
inmax and z-score approaches for the FOS, FOS + GLRLM, and FOS +
LRLM + GLSZM features. The best results were obtained on six metrics
y applying z-score to FOS + GLRLM + GLSZM features. Although z-
core-based results are higher than minmax-based scores, the rates are
ery close.

In the third part, feature ranking methods were used after minmax
as applied to FOS features and z-score was implemented for FOS +
LRLM + GLSZM features for achieving the maximum performance.
erein, proposed framework will take shape according to this compar-

son. Tables 6 and 7 show a comparison of feature ranking methods
sed after minmax and z-score were applied to FOS and FOS + GLRLM
GLSZM features, respectively.
In Table 6, the highest accuracy (99.17%), AUC (99.06%), g-

ean (99.06%), and f-measure (98.75%) scores are observed for Bhat-

acharyya and Roc rankings. In Table 7, results showing the highest
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Fig. 4. Comparison of normalization approaches for data #1.
Table 6
Comparison of feature ranking methods for data #1 (FOS and minmax).

Feature ranking method Accuracy AUC Sensitivity Specificity G-mean Precision F-measure

Bhattacharyya 99,17 99,06 98,75 99,38 99,06 98,75 98,75
Entropy 98,75 99,06 100 98,13 99,06 96,39 98,16
Roc 99,17 99,06 98,75 99,38 99,06 98,75 98,75
T-test 99,17 98,75 97,5 100 98,74 100 98,73
Wilcoxon 98,33 98,75 100 97,50 98,74 95,24 97,56

(Optimum results are italicized and bolded for every feature combination.)
Table 7
Comparison of feature ranking methods for data #1 (FOS + GLRLM + GLSZM and z-score).

Feature ranking method Accuracy AUC Sensitivity Specificity G-mean Precision F-measure

Bhattacharyya 98,75 98,75 98,75 98,75 98,75 97,53 98,14
Entropy 98,33 98,75 100 97,50 98,74 95,24 97,56
Roc 97,92 98,44 100 96,88 98,43 94,12 96,97
T-test 98,75 99,06 100 98,13 99,06 96,39 98,16
Wilcoxon 98,33 98,75 100 97,50 98,74 95,24 97,56

(Optimum results are italicized and bolded for every feature combination.)
accuracy, AUC, sensitivity, g-mean, and f-measure rates are observed
for t-test ranking. Fig. 5 is presented to provide a detailed view and an
objective assessment of the best results of two frameworks.

As evident in Fig. 5, both preferences achieve results close to
each other. However, if the first framework (FOS and minmax and
Bhattacharyya or Roc) is chosen, the highest accuracy (99.17%) can be
achieved besides better scores on specificity, precision, and f-measure
metrics. Thus, the aforementioned feature combination, normalization
approach, and ranking method were the best choice for data #1-based
experiments.

3.2.2. Results and analysis for data #2
Tables 8 and 9 present performance evaluations of feature combi-

nations to which minmax and z-score approaches have been applied.
In the absence of feature ranking, the first comparison (Tables 8 and
9) shows the effectiveness of radiomic combinations. The necessary
normalization method is examined next.

In Table 8, FOS + GLRLM features show the highest accuracy (99%),
specificity (99.38%), precision (97.50%) and f-measure (97.50%)
scores, while FOS features yield the best results for the AUC, sensitivity,
and g-mean metrics. With regard to the importance and rank of the first
places on the basis of success rates, FOS + GLRLM features show high
performance for the classification of data #2. It is apparent that FOS
features are necessary for achieving the best performances, either in
combination with other features or by itself. Five conditions (FOS, FOS
+ GLCM, FOS + GLRLM, FOS + GLCM + GLSZM, and FOS + GLRLM +
GLSZM) showed a success rate above 97% in terms of the accuracy and
AUC rates. However, the use of FOS + GLRLM features showed higher

accuracy.

10
In Table 9, the best accuracy (99%), specificity (99.38%), precision
(97.50%), and f-measure (97.50%) rates are attained by FOS + GLRLM
features. Furthermore, FOS + GLSZM features yield the highest scores
for the AUC, sensitivity, and g-mean metrics. For four features (FOS,
FOS + GLCM, FOS + GLRLM, and FOS + GLSZM), a success rate over
97% was achieved for the accuracy and AUC metrics. However, FOS
+ GLRLM features can help increase the accuracy rate. Consequently,
FOS + GLRLM features remain the best choice in both experiments in
which minmax or z-score is applied.

If the highest scores of FOS + GLRLM and minmax and FOS +
GLRLM and z-score preferences are examined, it is observed that all
scores are identical for data #2. Hence, both normalization methods
can be preferred for application to FOS + GLRLM features.

In the third part, feature ranking methods were tested on the
combination of FOS + GLRLM and minmax and on FOS + GLRLM and
z-score. Tables 10 and 11 show the comparisons for data #2. Herein,
general framework design takes shape according to this comparison
besides the consequences in Section 3.2.1.

In Table 10, the highest scores on all metrics are observed if the
feature ranking approach is chosen as Bhattacharyya, entropy, or Roc for
FOS + GLRLM and minmax preference. In Table 11, the best scores are
obtained only with t-test feature ranking for FOS + GLRLM and z-score
preference. Fig. 6 presents a comprehensive view of the best results of
the two frameworks.

As evident in Fig. 6, even if both preferences achieve very similar
results, the first choice (FOS + GLRLM and minmax and Bhattacharyya,
entropy, or Roc) is superior to the second one, and it provides the high-
est performances on six metrics. Consequently, the aforementioned fea-
ture combination, normalization approach, and ranking method were
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Fig. 5. Comparison of two frameworks for data #1.
Table 8
Performance comparison in terms of radiomics for data #2 (minmax normalization is active).

Data features/Success rates Accuracy AUC Sensitivity Specificity G-mean Precision F-measure

FOS 98,75 99,22 100 98,44 99,22 94,12 96,97
GLCM 93,75 87,66 77,50 97,81 87,07 89,86 83,22
GLRLM 86,75 70,63 43,75 97,50 65,31 81,40 56,91
GLSZM 95,00 91,25 85,00 97,50 91,04 89,47 87,18
FOS + GLCM 98,25 97,03 95,00 99,06 97,01 96,20 95,60
FOS + GLRLM 99,00 98,44 97,50 99,38 98,43 97,50 97,50
FOS + GLSZM 98,00 96,88 95,00 98,75 96,86 95,00 95,00
GLCM + GLRLM 94,25 90,31 83,75 96,88 90,07 87,01 85,35
GLCM + GLSZM 95,25 92,81 88,75 96,88 92,72 87,65 88,20
GLRLM + GLSZM 94,75 89,69 81,25 98,13 89,29 91,55 86,09
FOS + GLCM + GLRLM 97,75 95,31 91,25 99,38 95,23 97,33 94,19
FOS + GLCM + GLSZM 97,75 97,66 97,50 97,81 97,66 91,76 94,55
FOS + GLRLM + GLSZM 98,50 97,19 95,00 99,38 97,16 97,44 96,20
GLCM + GLRLM + GLSZM 94,50 89,53 81,25 97,81 89,15 90,28 85,53
FOS + GLCM + GLRLM + GLSZM 97,50 95,16 91,25 99,06 95,08 96,05 93,59

(Optimum results are italicized and bolded for every feature combination.)
Table 9
Performance comparison in terms of radiomics for data #2 (z-score normalization is active).

Data Features Accuracy AUC Sensitivity Specificity G-mean Precision F-measure

FOS 98,50 98,59 98,75 98,44 98,59 94,05 96,34
GLCM 93,75 88,59 80,00 97,19 88,18 87,67 83,66
GLRLM 86,75 72,97 50,00 95,94 69,26 75,47 60,15
GLSZM 95,25 92,34 87,50 97,19 92,22 88,61 88,05
FOS + GLCM 98,50 98,59 98,75 98,44 98,59 94,05 96,34
FOS + GLRLM 99,00 98,44 97,50 99,38 98,43 97,50 97,50
FOS + GLSZM 98,75 98,75 98,75 98,75 98,75 95,18 96,93
GLCM + GLRLM 94,75 89,22 80,00 98,44 88,74 92,75 85,91
GLCM + GLSZM 94,50 90,00 82,50 97,50 89,69 89,19 85,71
GLRLM + GLSZM 94,75 91,56 86,25 96,88 91,41 87,34 86,79
FOS + GLCM + GLRLM 96,75 95,16 92,50 97,81 95,12 91,36 91,93
FOS + GLCM + GLSZM 96,50 93,13 87,50 98,75 92,95 94,59 90,91
FOS + GLRLM + GLSZM 97,25 95,00 91,25 98,75 94,93 94,81 92,99
GLCM + GLRLM + GLSZM 96,00 93,28 88,75 97,81 93,17 91,03 89,87
FOS + GLCM + GLRLM + GLSZM 97,50 95,63 92,50 98,75 95,57 94,87 93,67

(Optimum results are italicized and bolded for every feature combination.)
Table 10
Comparison of feature ranking methods for data #2 (FOS + GLRLM and minmax).

Feature ranking method Accuracy AUC Sensitivity Specificity G-mean Precision F-measure

Bhattacharyya 99,25 99,53 100 99,06 99,53 96,39 98,16
Entropy 99,25 99,53 100 99,06 99,53 96,39 98,16
Roc 99,25 99,53 100 99,06 99,53 96,39 98,16
T-test 99,00 99,38 100 98,75 99,37 95,24 97,56
Wilcoxon 99,00 99,38 100 98,75 99,37 95,24 97,56

(Optimum results are italicized and bolded for every feature combination.)
11
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Table 11
Comparison of feature ranking methods for data #2 (FOS + GLRLM and z-score).

Feature ranking method Accuracy AUC Sensitivity Specificity G-mean Precision F-measure

Bhattacharyya 98,75 99,22 100 98,44 99,22 94,12 96,97
Entropy 98,75 99,22 100 98,44 99,22 94,12 96,97
Roc 98,75 99,22 100 98,44 99,22 94,12 96,97
T-test 99,00 99,38 100 98,75 99,37 95,24 97,56
Wilcoxon 98,75 99,22 100 98,44 99,22 94,12 96,97

(Optimum results are italicized and bolded for every feature combination.)
Fig. 6. Comparison of two frameworks for data #2.
o
o

the most appropriate adjustment, ensuring remarkable performance in
data #2 based experiments (e.g., 99.25% accuracy and 99.53% AUC).

4. Discussions

From the analyses of Section 3, the following inferences can be
drawn.

• As in the study of Koyuncu et al. [27] pertaining to brain tumor
classification in MR images, it was found that FOS features are
necessary for the construction of a task-affirmative framework
and to discriminate coronavirus in X-ray images. In other words,
FOS features are necessary to construct a specified-coronavirus
framework for X-ray imaging modality.

• Among the radiomic combinations, FOS and FOS + GLRLM fea-
tures can be chosen for data including normal and imbalanced
data distributions, respectively.

• The minmax approach can be preferred as the normalization
approach if it is used with radiomics and feature ranking methods.

• For the highest performance, Bhattacharyya and Roc rankings
seem remarkable on both data sets formed with necessary ra-
diomics to which minmax normalization has been applied.

• In this study, GM-CPSO–NN proves its efficiency again as in [27–
29,31] and can be chosen as a state-of-the-art classifier.

Our framework was designed according to the deductions, and it is
presented in Fig. 7. It involves FOS or FOS + GLRLM features as the ra-
diomic features, minmax as the normalization approach, Bhattacharyya
or Roc rankings as the feature selection method, and GM-CPSO–NN as
the classifier unit.

As declared before, data #1 has a normal distribution while data #2
is specified as an imbalanced data set. At this juncture, the classification
performance for data #1 is expected to be higher than the results for
data #2 since the detection of coronavirus patterns of data #2 is more
challenging owing to the smaller number of samples for the COVID-19

label. However, our framework achieved significant scores for data #1,
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especially for the accuracy (99.17%) and AUC (99.06%) metrics. It also
showed better performance for data #2 by presenting success scores of
99.25% and 99.53% for the accuracy and AUC metrics, respectively.
These results show the robustness of the proposed framework, implying
that it can be considered for use with both normal and imbalanced data
sets.

As evident in the framework, three parts, namely, normalization,
feature ranking, and classifier, remain the same for both data set con-
ditions. Only the feature extraction (radiomics) method differs with the
data set handled. In other words, necessary radiomics are considered
according to the data used. For real-time applications, if a designer
has balanced data and proposes to use our supervised-framework, it
is suggested that FOS features be used as radiomics. If the designer
has an imbalanced data set and intends to use the framework, it is
recommended that FOS + GLRLM features be used as the necessary
radiomics so as to achieve the highest performance. After the training
of the classifier in the framework, the test or real-time applications can
be implemented by selecting the best network found during training.

Apart from the seven metric-based comparisons, the computation
time analysis of the framework was evaluated. The training–test time
and test time were observed separately for both data sets. For data #1,
the proposed framework resulted in a training–test time and a test time
of 1.7316 s and 0.0031 s, respectively. For data #2, these times were
2.5425 s and 0.0039 s, respectively. Clearly, our framework achieves
remarkable results in a very short time, especially for the test that
directly provides the operation time.

Table 12 presents a comparison of our framework with that pro-
posed by state-of-the-art studies. The proposed framework shows re-
markable performance when compared with transfer-learning-based
models, deep-learning-based pipelines, specific deep learning methods,
and more complex systems comprising them. Accuracy and AUC rates
achieved by the proposed framework are significant and yield appre-
ciable performance vs. other studies. This superiority can be better
bserved in an accuracy-based comparison, especially for the results
f studies involving binary classification.
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. Conclusions

In this paper, a robust framework is presented to identify COVID-19
n X-ray images. The radiomics priority, normalization preferences, and
ctive feature rankings were examined together to design the specified-
oronavirus framework equipped with a state-of-the-art classifier.

In experiments, remarkable results were obtained, especially the
ccuracy and AUC metrics for both (normal and imbalanced) data sets.
t is concluded that the preferences including FOS and FOS + GLRLM
eatures normalized with the minmax approach to which Bhattacharyya
 f

13
or Roc rankings are applied can be considered to distinguish COVID-
9 patterns in normal- and imbalanced-data conditions. FOS features
howed high efficiency and were found to be decisive for COVID-
9 detection in X-ray images. Furthermore, in the design of a robust
odel, apart from the determination of appropriate feature extraction

radiomics and normalization evaluation), feature ranking is also an
mportant factor for achieving the highest performance.

In a future work, we intend to test the applicability of our frame-
ork to CT-based coronavirus detection. We intend to test its efficiency

or both normal and imbalanced data sets.
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Table 12
Comparison of results of the present study with those of previous studies.

Study Imaging Modality Data set Method Task Results (%)

Accuracy AUC

Ozturk et al. [6] X-ray 125 COVID-19/500 no finding DarkCovidNet model with CNN structure COVID-19 vs.
no finding

98.08 –

Ozturk et al. [6] X-ray 125 COVID-19/500 no finding/500
pneumonia

DarkCovidNet model with CNN structure COVID-19 vs.
no finding vs.pneumonia

87.02 –

Toğaçar et al. [7] X-ray 295 COVID-19/65 normal/98
pneumonia

Model performing feature extraction
with deep learning,
optimization with SMO, classification
with SVM

COVID-19 vs. normal
vs.pneumonia

99.27 –

Ucar and
Korkmaz [8]

X-ray 79 COVID-19/1583 normal/4290
pneumonia

Offline data augmentation, Bayesian
optimization during DeepSqueezeNet
training

COVID-19 vs. normal vs.
pneumonia

98.26 –

Apostolopoulos and
Mpesiana [9]

X-ray 224 COVID-19/504 normal/700
bacterial pneumonia

Transfer learning with VGG19 COVID-19 vs. others 98.75 –

Apostolopoulos and
Mpesiana [9]

X-ray 224 COVID-19/504 normal/700
bacterial pneumonia

Transfer learning with VGG19 COVID-19 vs. normal vs.
bacterial pneumonia

93.48 –

Apostolopoulos and
Mpesiana [9]

X-ray 224 COVID-19/504 normal/714
pneumonia (bacterial and viral)

Transfer learning with MobileNet-v2 COVID-19 vs. others 96.78 –

Apostolopoulos and
Mpesiana [9]

X-ray 224 COVID-19/504 normal/714
pneumonia (bacterial and viral)

Transfer learning with MobileNet-v2 COVID-19 vs. normal vs.
pneumonia

94.72 –

Butt et al. [10] CT 184 COVID-19/145 normal/194
influenza-A viral pneumonia

Model segmented the candidate region
with 3D-CNN
and classified using Noisy-OR Bayesian
function

COVID-19 vs. others – 99.6

Li et al. [11] CT 1296 COVID-19/1735 CAP/1325
nonpneumonia

Model used ResNet50 for classification COVID-19 vs. others – 96

Kang et al. [12] CT 1495 COVID-19/1027 pneumonia Model used VNet to segment the lesion
region, extracted radiomic and
hand-crafted features,
and used five different classifiers for
classification

COVID-19 vs. pneumonia 95.5 –

Afshar et al. [13] X-ray 123 COVID-19/1341 normal/3845
pneumonia (bacterial and viral)

Model with capsule network structure COVID-19 vs. normal vs.
pneumonia

98.3 97

Mahdy et al. [14] X-ray 25 COVID-19/15 normal Multilevel thresholding and classification
with SVM

COVID-19 vs. normal 97.48 –

Hemdan et al. [15] X-ray 25 COVID-19/25 normal Model with different deep learning
structures

COVID-19 vs. normal 90 90

This study X-ray 80 COVID-19/80 normal/80 bacterial
pneumonia

Framework involved radiomics,
normalization, feature ranking, and
GM-CPSO–NN

COVID-19 vs. others 99.17 99.06

This study X-ray 80 COVID-19/160 normal/160
bacterial pneumonia

Framework involved radiomics,
normalization, feature ranking, and
GM-CPSO–NN

COVID-19 vs. others 99.25 99.53
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