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Background: Coronavirus disease (COVID-19) is a contagious infection caused by severe acute respiratory syndrome
coronavirus-2 (SARS-COV-2) and it has infected and killed millions of people across the globe.

Objective: In the absence or inadequate provision of therapeutic treatments of COVID-19 and the limited convenience
of diagnostic techniques, there is a necessity for some alternate spontaneous screening systems that can easily be used
by the physicians to rapidly recognize and isolate the infected patients to circumvent onward surge. A chest X-ray (CXR)
image can effortlessly be used as a substitute modality to diagnose the COVID-19.

Method: 1In this study, we present an automatic COVID-19 diagnostic and severity prediction system (COVIDX) that
uses deep feature maps of CXR images along with classical machine learning algorithms to identify COVID-19 and
forecast its severity. The proposed system uses a three-phase classification approach (healthy vs unhealthy, COVID-
19 vs pneumonia, and COVID-19 severity) using different conventional supervised classification algorithms.

Results: We evaluated COVIDX through 10-fold cross-validation, by using an external validation dataset, and also in
a real setting by involving an experienced radiologist. In all the adopted evaluation settings, COVIDX showed strong
generalization power and outperforms all the prevailing state-of-the-art methods designed for this purpose.
Conclusions: Our proposed method (COVIDX), with vivid performance in COVID-19 diagnosis and its severity
prediction, can be used as an aiding tool for clinical physicians and radiologists in the diagnosis and follow-up studies
of COVID-19 infected patients.

Availability: We made COVIDX easily accessible through a cloud-based webserver and python code available at the
site of google and the website of Github.
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Author summary: Coronavirus disease (COVID-19) is a contagious infection that has killed masses across the world.
Due to the lack of specific therapeutics for the treatment of COVID-19, timely diagnosis of the infection is critical to
circumvent its further surge by recommending isolation or quarantine. The normal clinical screening test to diagnose
COVID-19 is complex, manual, costly, and laborious. To combat this, we have proposed a machine learning based
computer-aided diagnosis (CAD) system called COVIDX (COVID-19 Detection using X-ray images) to identify
coronavirus and predict its severity using digital X-ray scans. The performance of the proposed system has been verified
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rigorously through different measures. The well verified solution is publically available through a cloud based webserver

for free use.

INTRODUCTION

Coronavirus disease (COVID-19) is a contagious
infection caused by severe acute respiratory syndrome
coronavirus-2 (SARS-COV-2) and its transmission is
also possible from asymptotic patients while the
incubation period [1,2]. This infectious pandemic has
killed masses across the world [3]. The World Health
Organization (WHO) in its reports has already acknow-
ledged this epidemic as a global health catastrophe [4].
According to medical experts, this disease primarily
infects the human breathing system triggering severe
pneumonia by showing symptoms of dry cough,
breathing problems, fever, fatigue, and lung failure, etc.
[1,5]. Right now, the world is curiously waiting for
some therapeutic treatments to prevent this lethal
infection.

Due to the lack of specific therapeutics for the treatment
of COVID-19, timely diagnosis of the infection is
critical to circumvent its further surge by recommending
isolation or quarantine. Presently, there exist two sorts
of tests to identify COVID-19: antibody tests and
diagnostic tests [6]. The test is based on antibodies and
gazes for antibodies formed in the infected body in
reaction to the infection. Whereas an antibody test
cannot effectively be adopted to identify COVID-19 as
after infection, antibodies require weeks to develop and
could stay in one’s blood a bit extended after retrieval
[6]. Meanwhile, diagnostic tests such as reverse
transcription-polymerase chain reaction (RT-PCR) can
reliably be used to detect active COVID-19 infection.
Mostly, RT-PCR is the common analytic exercise to
identify viral infections [7]. However, the normal
clinical RT-PCR screening test to diagnose COVID-19
is complex, manual, costly, and laborious [8].
Furthermore, an inadequate convenience of test kits and
domain specialists additionally obstruct the case.
Keeping in view all these restraints of fundamental
diagnostic procedures and a swift flow of diseased
patients, there is an immediate necessity for some
substitute and easy screening systems that can
effectively be to rapidly diagnose and quarantine the
diseased patients.

X-ray imaging is quite a common noninvasive
indicative method that supports physicians to analyze
and treat several infections. A chest X-ray (CXR) is
normally taken to assess the medical fitness of the lungs,
heart, and chest wall. The CXR has also been playing a
critical role in the pilot investigation of various
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respiratory irregularities [9,10]. In this context, a CXR
image can also be used as an alternative modality to
detect and diagnose the COVID-19 infection. CXR
images are normally interpreted by expert radiologists.
However, some studies indicated that CXR images of
patients, infected by COVID-19, showed various
features [5,8,11]. Therefore, the elucidation of these
CXR images with slight deviations is quite puzzling
manually. Moreover, the current massive increase of
diseased patients makes the task of completing timely
diagnostic even more challenging for the area specialists
[9,12]. To combat this situation, some reliably accurate
computer-aided diagnosis (CAD) systems are the need
of the time.

In CAD using X-ray images, machine learning has
already been applied successfully in many clinical and
radiological studies to describe various characteristics of
radio imaging [13-15]. Also, to identify coronavirus
infection using CXR scans, a plethora of machine
learning-based techniques have been proposed in the
literature with the varying amount and sources of
training datasets (for further detail readers can consult
the “Related works” section). Most of these previously
published studies are based on a deep learning approach
using convolution neural network (CNN) [16]. However,
techniques based on the deep learning paradigm, to
apply properly, normally require a massive amount of
time and data which is sometimes not feasible [17].
Meanwhile, some studies adopted transfer learning
where fine-tune the final classification layer also
involves a huge amount of data to compensate high-
dimensional features maps obtained through pre-trained
models [17-19]. To combat these issues, a study has
been proposed using a classical machine learning
method built on majority voting and handcrafted texture
descriptors of X-ray images [9]. However, there still
exists a possible scope of performance enhancement
even after wusing majority voting and image
augmentation because handcrafted texture descriptors
are unable to represent subtle variations of X-ray images
appropriately [9,20]. In the meanwhile, to the best of our
knowledge, nearly all the related proposed studies
focused only on the diagnoses of COVID-19 and we
didn’t find any method to predict its severity. Likewise,
all the proposed methods in the literature only presented
the technical details of the adopted methodology in their
method without giving any user-friendly interface for its
proper use by the practitioners in the field. To
compensate for these loopholes or shortcomings, we
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have proposed in this study a novel predictor called
COVIDX (COVID-19 detection using X-ray images) to
identify coronavirus and predict its severity. We have
designed COVIDX by engaging a merger of transfer and
classical machine learning. An easily accessible
webserver of COVIDX has also been made freely
available along with open source python code.

RELATED WORKS

While going through the literature on machine learning
techniques used for the detection of COVID-19 with
digital chest X-ray images, we found a plethora of
machine learning-based techniques in the literature with
the varying amount and sources of training datasets
[8,9,12,17-19,21-31]. Generally, all of these previously
available methods can broadly be clustered into three
clusters: (1) Methods employing deep learning tactics;
(2) Methods employing transfer-learning approaches via
fine-tuning; (3) Methods employing classical-learning
paradigm with different handcrafted texture-based
features.

Mostly, deep learning-based proposed machine
learning methods in the literature to diagnose COVID-
19 implemented CNN [16] centered frameworks
[8,12,21-31]. However, deep learning-based machine
learning techniques, to apply properly, normally require
a massive amount of time and data which is sometimes
not feasible [17].

Spotting data scarceness, some studies have also been
proposed to diagnose coronavirus infection by
employing transfer learning-based approaches where
available pre-trained models have been used to get
features by removing the top classification layer
[17-19]. Khan et al. proposed a method based on
Xception architecture called CoroNet to detect COVID-
19 infection from chest X-ray images with an overall
accuracy of 89.6% [18]. Minaee et al. used different
CNN-based pre-trained models such as ResNetl8,
ResNet50, SqueezeNet, and DenseNet-121 to diagnose
COVID-19 by employing a transfer learning approach
and achieved 90% specificity [19]. Similarly, Wang et
al. also used the transfer learning approach by removing
the classification layer on the top of the pre-trained
model, adding a custom classification layer as the top
layer, and then by freezing the convolutional layers in
front of the framework to train only the customized
classification layer [17]. The model proposed by Wang
et al. achieved an accuracy of 96.75% [17]. These
approaches to diagnose COVID-19 through CXR by
employing transfer-learning are still not perfectly
precise because in transfer-learning, to fine-tune the
customized classification layer also demands an
enormous amount of data because of high-dimensional
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features maps obtained through available standard pre-
trained models.

To compensate for the problems of data scarceness in
deep learning-based approaches to diagnose COVID-19,
Chandar et al. proposed a classical machine learning-
based method by using majority voting and handcrafted
texture descriptors of X-ray images [9]. However, even
after using majority voting and image augmentation, the
technique presented by Chandra et al. still offered room
to improve generalization accuracy because of
limitations in representing subtle distinctions in CXR
scans using texture-based handcrafted feature space
[20]. Besides, nearly all the related studies proposed in
the literature had been designed only to focus on the
diagnoses of COVID-19. Whereas, COVID-19 severity
prediction still requires research attention.

RESULTS AND DISCUSSIONS

In this work, we have proposed a machine learning-
based model for automatic coronavirus diagnosis and its
severity prediction. We have divided the COVID-19
diagnostic task into three sub-tasks based on the
available data: (1) classification of X-ray images as
healthy vs unhealthy, (2) classification of X-ray images
as COVID-19 vs pneumonia, and (3) COVID-19
severity prediction. For this purpose, we have used
various machine learning algorithms and deep feature
maps. In what follows we present results showing the
prediction performance of our proposed method by
using cross-validation and an external validation dataset.
While presenting the predictive performance of the
proposed system, we have also compared @its
performance with two previously published state-of-the-
art approaches: (1) deep learning-based approach [17]
and (2) shallow approach with handcrafted texture-based
features [9].

Predictive performance for the classification of
healthy versus unhealthy X-ray scans

The results for the classification of healthy versus
unhealthy X-ray scans with the adopted experimental
procedure along with 10-fold CV and external validation
dataset are shown in Tables 1 and 2 and Fig. 1A, B. We
got a maximum F1 score of 0.99 using 10-fold CV. The
values of the area under the ROC curve and the area
under the PR curve are 0.99 and 0.99 under this setting
respectively, with the DenseNetl21 feature map and
SVC (Table 1). The score of 0.99 for F1, the area under
the PR curve, and the area under the ROC curve show
excellent sensitivity, which is important because we
want as minimum missed diagnosis rate of COVID-19
as possible. Similarly, improved precision reported
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Table 1 Predictive performance for the classification of healthy vs un-healthy X-ray scans across different machine

learning techniques and feature representations using 10-fold CV

Feature map SV€ RFC XGBC
ROC PR F1 ROC PR F1 ROC PR F1

Resnet50 0.98+0.01 0.98+0.01 0.98 0.99+0.03 0.98+0.08 0.96 0.98+0.03 0.98+0.08 0.98
Xception 0.99+0.01 0.98+0.01 0.99 0.99+0.01 0.99+0.01 0.97 0.99+0.01 0.99+0.01 0.98
InceptionV3 0.98+0.01 0.99+0.01 0.97 0.99+0.01 0.99+0.02 0.97 0.99+0.02 0.99+0.01 0.97
VGG16 0.99+0.01 0.99+0.01 0.99 0.98+0.01 0.97+0.01 0.98 0.99+0.01 0.99+0.01 0.98
NASNetLarge 0.98+0.01 0.98+0.01 0.96 0.99+0.01 0.99+0.01 0.97 0.98+0.03 0.98+0.01 0.96
DenseNet121 0.99+0.01 0.99+0.01 0.99 0.99+0.01 0.99+0.01 0.98 0.96+0.03 0.96+0.01 0.97

SVC (support vector classifier), RF (random forest classifier), XGBC (XGBoost classifier), ROC (area under the ROC curve), PR (area under the
precision-recall curve), F1 (F1 score). Bold-faced values specify the top performance for each of the models.

Table 2 Predictive performance for the classification of healthy vs un-healthy X-ray scans across different machine
learning techniques and feature representations on an external validation dataset

SvC RFC XGBC

Feature map ROC PR Fl1 ROC PR F1 ROC PR Fl1

Resnet50 0.97 0.97 0.91 0.98 0.97 0.91 0.97 0.96 0.93
Xception 0.98 0.97 0.91 0.97 0.97 0.91 0.97 0.97 0.93
InceptionV3 0.96 0.95 0.89 0.97 0.98 0.88 0.97 0.98 0.90
VGG16 0.97 0.97 0.91 0.98 0.97 091 0.98 0.97 091
NASNetLarge 0.96 0.95 0.87 0.96 0.96 0.85 0.96 0.96 0.88
DenseNet121 0.99 0.98 0.98 0.98 0.97 0.94 0.99 0.98 0.96

SVC (support vector classifier), RF (random forest classifier), XGBC (XGBoost classifier), ROC (area under the ROC curve), PR (area under the
precision-recall curve), F1 (F1 score). Bold-faced values specify the top performance for each of the models.

through these performance metrics implies excellent
performance also in classifying healthy cases. These
results on 10-fold CV show an improved performance of
our proposed method in comparison to the state-of-the-
art deep learning-based method proposed by Wang et al.
[17] with an F1 score of 0.96 (p <0.05). We have
achieved this performance improvement due to
efficiently large dimensions’ feature space handling
ability of classical machine learning models in
comparison to deep architectures in the presence of
fewer examples. Meanwhile, if we compare the
performance of our proposed method with the state-of-
the-art shallow approach using handcrafted texture-
based features under 10-fold CV, we find a comparable
performance over the task [9].

Similarly, we have also re-confirmed the robustness of
generalization ability of our proposed system over the
classification task of healthy versus unhealthy X-ray
scans using an external validation dataset to mitigate the
possible bias performance improvement under 10-fold
CV with hyperparameter tuning using the same training
set. Using an external validation dataset for the re-
evaluation of our proposed solution, we got an F1 score
0f 0.98. The values of the area under the ROC curve and
the area under the PR curve are 0.99 and 0.98 under this
setting respectively, with the DenseNet121 feature map
and SVC (Table 2, Figure 1A, B). These metrics, using a
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validation dataset, show a robust and consistently
outstanding generalization power of our proposed
methodology in classifying healthy and unhealthy cases.
These results show an improved performance of our
proposed method in comparison to the state-of-the-art
deep learning-based method proposed by Wang et al.
[17] with an F1 score of 0.88 and a shallow learning-
based method proposed by Chandra et al. [9] with an
Fl-score of 0.96 and the area under the ROC curve of
0.93 by using SVM (RBF kernel) (p <0.05). This
performance improvement in comparison to the method
proposed by Chandra et al. is due to the use of deep
feature maps instead of handcrafted texture-based
features [20]. The significantly improved performance
of SVM in comparison to XGBC and RFC is achieved
due to its capacity to treat well the high-dimensional
feature space with fewer instances as in our case. The
consistent higher performance of feature maps extracted
through the DenseNet121 pre-trained model is attributed
towards fewer parameters of the pre-trained model.
Moreover, we have attained better performance by using
deep feature maps in comparison to handcrafted features
as reported by Chandra et al. [9], in their study.

Predictive performance for the classification of
COVID-19 versus pneumonia X-ray scans

The results for the classification of COVID-19 versus

211



Wajid Arshad Abbasi et al.

Ado —s -
o 08 e
2 .
206 e
‘B
[} .
o .
o 04
2 .
'_ -
0.2 ——SVM (AUC: 0.99)
: - RF (AUC: 0.98)
-+~ XGB (AUC: 0.99)
0.0+ . . ; ;
0.0 0.2 0.4 0.6 0.8 1.0
False positive rate
Ci1o
0.8
506
Q2
(8]
o
T 04
02 —— SVM (AUC: 0.98)
i - RF (AUC: 0.97)
0o -+ XGB (AUC: 0.98)
0.0 02 04 0.6 08 10
Recall
Figure 1.

B 1.0 —0o—o—0—0—90o0—» *—0—4

0038 o

© .

206 .

‘® .

o

[o%

0 04 ]

= .

=
02 —+— SVM (AUC: 0.99)

’ -~ RF (AUC: 0.99)
—+ XGB (AUC: 0.99)
0.0 " - . .
0.0 0.2 0.4 0.6 0.8 1.0
False positive rate

D10 —ﬂ
0.8

506

i)

(8]

2

004
02 —— SVM (AUC: 0.99)

' -~ RF (AUC: 0.99)

00 -+ XGB (AUC: 0.99)

0.0 02 0.4 06 08 1.0
Recall

ROC and PR curves showing predictive performance of COVIDX for the classification of CXR scans (healthy

vs unhealthy and COVID-19 vs pneumonia) across different classifiers (SVC, RF, XGB) and DenseNet feature map on
an external validation dataset. (A, B) Healthy vs unhealthy. (C, D) COVID-19 vs pneumonia.

pneumonia X-ray scans with the adopted experimental
procedure along with 10-fold CV and external validation
dataset are shown in Tables 3 and 4 and Fig. 1C, D). We
got a maximum F1 score of 0.99 using 10-fold CV. The
values of the area under the ROC curve and the area
under the PR curve are 0.99 and 0.99 under this setting
respectively, with the DenseNetl21 feature map and
SVC (Table 3). These scores of reported accuracy
metrics show an ideal sensitivity (classifying COVID-19
correctly) and specificity (classifying pneumonia
correctly) of the proposed machine learning technique.
This is very important as we do not want to isolate a
pneumonia patient without medication while suspecting
COVID-19 and we also do not want to give unnecessary
medication to a COVID-19 patient without advising
quarantine while suspecting pneumonia. These results
across 10-fold CV show an improved performance of
our proposed method in comparison to the state-of-the-
art method proposed by Chandra et al. with a maximum
Fl-score of 0.84 and the area under the ROC curve of
0.85 with SVM (linear kernel) [9] (p < 0.05).
Meanwhile, to further confirm the robustness and
generalization power of our proposed technique over the
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classification task of COVID-19 vs pneumonia X-ray
images, we have also reported the performance metrics
on an external validation dataset. While using an
external validation dataset for the evaluation of our
machine learning models trained on the training set we
observed a similar trend of performance with an F1-
score of 0.99 along with 0.99, and 0.99 as the area under
the ROC curve, and the area under the PR curve,
respectively with Support Vector Classifier and
DenseNet121 feature map (Table 4, Fig. 1C, D). These
metrics, using a validation dataset, show a robust and
consistently outstanding generalization of our proposed
methodology in classifying COVID-19 and pneumonia
cases. These results also show a better performance of
our proposed method in comparison to the state-of-the-
art shallow method proposed by Chandra et al., with an
Fl-score of 0.91 and the area under the ROC curve of
0.91 even after using majority voting [9] (p < 0.05). The
significantly improved performance of SVM in
comparison to XGBC and RFC is achieved due to its
capacity to treat well the high-dimensional feature space
with fewer instances as in our case. Moreover, we have
attained better performance by using deep feature maps

© The Author(s) 2022. Published by Higher Education Press
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Table 3 Predictive performance for the classification of COVID-19 vs pneumonia X-ray scans across different machine

learning techniques and feature representations using 10-fold CV

Feature map SV€ RFC XGBC
ROC PR F1 ROC PR F1 ROC PR F1

Resnet50 0.98+0.01 0.97+0.01 0.97 0.99+0.03 0.98+0.08 0.96 0.98+0.03 0.98+0.08 0.98
Xception 0.98+0.01 0.97+0.01 0.98 0.99+0.01 0.99+0.01 0.97 0.99+0.01 0.99+0.01 0.98
InceptionV3 0.98+0.01 0.97+0.01 0.97 0.99+0.01 0.99+0.02 0.97 0.99+0.02 0.99+0.01 0.97
VGG16 0.98+0.01 0.97+0.01 0.98 0.98+0.01 0.97+0.01 0.98 0.99+0.01 0.99+0.01 0.98
NASNetLarge 0.97+0.01 0.97+0.01 0.96 0.99+0.01 0.99+0.01 0.97 0.98+0.03 0.98+0.01 0.96
DenseNet121 0.99+0.01 0.99+0.01 0.99 0.99+0.01 0.99+0.01 0.98 0.99+0.03 0.99+0.01 0.99

SVC (support vector classifier), RF (random forest classifier), XGBC (XGBoost classifier), ROC (area under the ROC curve), PR (area under the
precision-recall curve), F1 (F1 score). Bold-faced values specify the top performance for each of the models.

Table 4 Predictive performance for the classification of COVID-19 vs pneumonia X-ray scans across different machine
learning techniques and feature representations on an external validation dataset

SvC RFC XGBC

Feature map ROC PR F1 ROC PR F1 ROC PR Fl1

Resnet50 0.99 0.99 0.98 0.99 0.98 0.96 0.99 0.98 0.98
Xception 0.99 0.99 0.98 0.97 0.97 0.95 0.97 0.97 0.95
InceptionV3 0.99 0.99 0.98 0.97 0.98 0.96 0.97 0.98 0.96
VGG16 0.99 0.99 0.99 0.98 0.97 091 0.98 0.97 0.94
NASNetLarge 0.98 0.99 0.98 0.96 0.96 0.90 0.96 0.96 0.93
DenseNet121 0.99 0.99 0.99 0.99 0.99 0.98 0.99 0.99 0.99

SVC (support vector classifier), RF (random forest classifier), XGBC (XGBoost classifier), ROC (Area under the ROC curve), PR (area under the
precision-recall curve), F1 (F1 score). Bold-faced values specify the top performance for each of the models.

in comparison to handcrafted features as reported by
Chandra et al. [9].

Performance over COVID-19 severity prediction

In addition to COVID-19 diagnosis, we have also
trained machine learning modes to predict the severity
of COVID-19 infection to further assist the decisions
related to intensive health care. The results for the
classification of severe vs mild COVID-19 infections
using X-ray scans with the adopted experimental
procedure along 10-fold CV are shown in Table 5. We
got a maximum F1 score of 0.90 using 10-fold CV. The
values of the area under the ROC curve and the area
under the PR curve are 0.96 and 0.90 under this setting
respectively, with the DenseNetl121 feature map and
SVC (Table 5). These results show a reasonable
performance of COVIDX over the severity prediction of
coronavirus infection. The F1 score of 0.90 along with
the area under the ROC curve of 0.96 shows reasonable
sensitivity (classifying severe COVID-19 patients
correctly) of our proposed model. This is what we want
in this case as we do not want to miss severe COVID-19
patients who require intensive health care. Meanwhile,
reasonable specificity (classifying mild COVID-19
patients correctly) helps in reducing the unnecessary use

© The Author(s) 2022. Published by Higher Education Press

of limited intensive health care facilities. These results
show a reasonable performance of COVIDX over the
severity prediction of COVID-19 infection.

Performance of the proposed computer-aided
COVID-19 diagnostic system in a real setting

We have also evaluated the performance of COVIDX in
a real setting using its webserver under the observation
of a qualified radiologist at a local hospital at Muzaf-
farabad, AK, Pakistan. We performed this performance
evaluation both for coronavirus diagnosis and its
severity prediction. For COVID-19 diagnosis, 90 X-ray
images (anonymous) belonging to different classes (30
COVID-19 infected, 30 pneumonia infected, and 30
healthy persons) have been used. The results of this
evaluation in the form of a confusion matrix are shown
in Fig. 2A. Our proposed system (COVIDX) classified
correctly 26 out of 30 provided X-ray scans of COVID-
19 infected patients, 3 as pneumonia infection and 1 as
healthy (Fig. 2A). Likewise, for the provided X-ray
scans of pneumonia infected patients, our proposed
system correctly classifies 25 out of 30 scans, 4 as
COVID and 1 as healthy (Fig.2A). Furthermore, on
health X-ray scans, our system correctly classified 27
out of 30 X-ray scans as healthy, 2 as pneumonia
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Table 5 Predictive performance for the severity prediction of corono virus across different machine learning techniques

and feature representations using 10-fold CV

Feature map SvC RFC XGBC
ROC PR Fl ROC PR F1 ROC PR F1

Resnet50 0.92+0.12 0.82+0.28 0.86 0.85+0.23 0.73£0.31 0.80 0.96+0.11 0.89+0.17 0.90
Xception 0.87+0.14 0.74+0.28 0.82 0.81+0.25 0.67+0.29 0.78 0.86+0.28 0.78+0.29 0.82
InceptionV3 0.86+0.13 0.68+0.29 0.74 0.73+0.30 0.58+0.30 0.75 0.82+0.26 0.76+0.29 0.78
VGG16 0.90+0.24 0.88+0.26 0.83 0.81+0.24 0.70+0.24 0.77 0.82+0.26 0.72+0.31 0.80
NASNetLarge 0.80+0.31 0.76+0.30 0.76 0.80+0.26 0.65+0.30 0.76 0.79+0.26 0.68+0.31 0.75
DenseNet121 0.96+0.17 0.90+0.19 0.90 0.90+0.19 0.78+0.26 0.84 0.90+0.20 0.83+0.26 0.90

SVC (support vector classifier), RF (random forest classifier), XGBC (XGBoost classifier), ROC (area under the ROC curve), PR (area under the
precision-recall curve), F1 (F1 score). Bold-faced values specify the top performance for each of the models.
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Figure 2. Confusion matrix depicting COVIDX real performance under the observation of a qualified radiologist.

(A) COVID-19 diagnosis. (B) COVID-19 severity prediction.

infection and 1 as COVID-19 (Fig. 2A). These results
validate the possible use of our proposed approach
through its webserver in a real setting for coronavirus
infection diagnosis.

Similarly, to predict COVID-19 severity, we have
used 20 X-ray scans (anonymous) belonging to different
classes (10 severe COVID-19 infections, 10 mild
infections). The results of this evaluation in the form of
a confusion matrix are shown in Fig. 2 B. Our proposed
system (COVIDX) classified properly 8 out of 10
provided X-ray scans of severe COVID-19 infected
patients and 2 as mild (Fig. 2B). Likewise, for the used
X-ray scans of mildly infected patients, our system
categorized properly 7 out of 10 scans and 3 as severe
(Fig. 2B). These results show that COVIDX can also
efficiently be used while taking intensive health care
decisions for COVID-19 patients.

DISCUSSION

A computer-aided automatic system to diagnose
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COVID-19 and predict its severity is important due to
the lack of specific therapeutics for its treatment. The
effective use of X-ray imaging along with machine
learning techniques in many other clinical and
radiological studies dictates this imaging modality to be
an important area to be explored for the diagnosis of
COVID-19 infection. Several machine learning-based
computer-aided methods, for this purpose, have already
been proposed in the literature that use digital X-ray
images. The majority of these published methods use
deep learning from scratch or transfer learning by fine-
tuning the classification layer. These approaches based
on the deep or transfer learning paradigm face data
scarceness problems. Meanwhile, already published
studies based on classical machine learning techniques
along with handcrafted features did not show an up-to-
the-mark performance. Additionally, almost all the
published techniques focused only on COVID-19
diagnosis, but its severity prediction is still awaiting
attention. To handle these issues of data scarceness and
to get the finest possible outcome of both worlds, we
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have proposed a fresh technique that combines transfer
and classical machine learning to diagnose COVID-19
and its severity prediction.

In this proposed method, we have used numerous
available CNN-based standard pre-trained models on
ImageNet to get appropriate features and classical
machine learning algorithms such as SVMs to get the
final predictive model. We have used several deep
feature representations extracted through pre-trained
deep learning models and conventinals machine learning
algorithms such as SVC, XGBC coupled with rigorous
valuation criteria to ultimately achieve a predictive
model having better generalization performance. We
have wused stringent evaluation criteria across
combinations of deep feature maps and -classical
machine learning algorithms to come up with a model
that has improved generalization. Properly evaluated
improved generalization performance of our proposed
method called COVIDX over the existing state-of-the-
art methods [9,17] suggests its effective use to diagnose
COVID-19 and to predict its severity.

CONCLUSIONS AND FUTURE WORK

In the current study, we have designed and developed a
machine learning model called COVIDX for the earliest
analysis of the COVID-19 pandemic and to predict its
severity using digital chest X-ray scans. The rigorous
adopted performance evaluation criteria show that our
proposed model can effectively be used for COVID-19
diagnosis and to suggest precautionary measures (such
as quarantine and RT-PCR test) to avoid a further surge
of the infection. This study also reveals that simple
shallow machine learning methods with deep feature
maps perform better in comparison to complex deep
architectures due to data scarcity. Further, we have
shown that deep feature maps performed better in
comparison to handcrafted texture-based features used
in a previous study. The evaluation of our proposed
method in a real setting further signifies its role in
COVID-19 diagnosis and taking health intensive care
decisions. The key outcomes of this study are bulleted
below:

* Our proposed showed robust performance under the
stringent evaluation setup even in the existence of
significant distinctions in the input CXR scans.

* Our proposed system also predicts the severity of
COVID-19 infection along with its diagnosis. This is
important while taking health intensive care decisions
for COVID-19 infected patients and to avoid
unnecessary use of limited intensive care facilities.

* We have deployed COVIDX as an openly accessible
webserver and also provided source code. This will help
the naive end-users to easily access and use this system

© The Author(s) 2022. Published by Higher Education Press

for the diagnosis purpose without going into the
implementation details.

In future work, we aim to expand the datasets,
evaluation and introduce CT scan image modality for
this purpose. At the same time, we will try to further
increase the efficiency of our proposed method over the
task of severity prediction by using extended datasets.
We will also try to incorporate this method in medical
devices or extend it to other medical tasks.

MATERIALS AND METHODS

In this section, we discuss the details of our
experimental strategies to design COVIDX and its
evaluation.

Datasets and their preprocessing

The datasets used in this study have been collected from
different publicly open online COVID-chest-X-ray
image repositories [31,32]. We used two different
datasets: (i) dataset for COVID-19 diagnosis and
(i) dataset for COVID-19 severity prediction. For
COVID-19 diagnosis, we have a dataset of 576, 1583,
and 4273 digital X-ray images (jpg format) of healthy
persons, pneumonia patients, and COVID-19 patients,
respectively. Whereas to predict COVID-19 severity, we
have used a dataset of 114 and 164 X-ray images of
severe and mild COVID-19 infected patients, respe-
ctively. All the images in both datasets have been pre-
processed including image resizing (313 x 313 pixels),
de-noising, and contrast stretching [33].

Proposed method

We have proposed a machine-learning-based approach
to diagnose COVID-19 infection and predict its severity
from raw digital chest X-ray images. The method we
have adopted in this study has been shown in Fig. 3. A
similar methodology has already been used in our
previous study with CT scans [34]. In the following
sections, we will discuss the details of this method.

Feature extraction

In image analysis, an efficient feature extraction
technique is significantly important to obtain the most
relevant details from the image to reduce dimensiona-
lity. If we employ a suitable feature extraction
technique, then the extracted features will perform well
over the desired task. There are generally two techniques
involved in the literature for this purpose: (1) extraction
of handcrafted texture features, (2) deep learning-based
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technique
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Figure 3. An Adopted framework to develop computer-aided COVID-19 diagnostics and its severity prediction system
using machine learning and X-ray scans. LHS (Training: Input raw X-ray image dataset, after preprocessing extract features
using pretrained off-the-shelf models, preprocess the features, and then train shallow machine learning algorithms such as
SVM); RHS (Testing: Take a novel X-ray image, after extracting its features the trained model will generate the required

predictions)

automatically extracted feature maps. It has been proved
that deep learning-based feature maps perform better in
comparison to handcrafted texture-based features over
X-ray images [20]. Therefore, in this study, we only
focus on deep learning-based feature maps.

CNN based deep-learning approach, where an
automatic feature representation of a digital image can
efficiently be learned, is very popular and has efficiently
been used previously in various image categorization
and investigation tasks. However, to apply deep learning
effectively, there is always a prerequisite of a handsome
amount of data to efficiently learn the underlying
distribution of images in the dataset. This nature of deep
learning with data deprivation is quite a challenge to
apply it effectively and efficiently in this case where we
face the data scarceness. Therefore, to handle the
aforementioned issue of data scarceness, we have
employed a transfer-learning approach to get a feature
representation of CXR scans in our datasets. By using a
transfer learning strategy to extract useful feature space
from the digital chest X-ray scans in our datasets, we
have used various available standard pre-trained on
ImageNet CNN-based models. These off-the-shelf pre-
trained CNN-based models include DenseNetl121 [35],
Resnet50 [36], Xception [37], InceptionV3 [38],
VGG16 [39], NASNetLarge [40]. We have extracted
deep feature maps using these models by simply loading
an off-the-shelf model without its fully connected layer
by setting the “include top” argument as “False”. We
have selected these pre-trained CNN-based models in
this study based on their reported generalization
capacity. We have applied all the preprocessing and
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resizing to images in our datasets required by the pre-
trained models before employing them to extract the
required feature maps.

Problem formulation

We have proposed a technique in this study to diagnose
COVID-19 and predict its severity based on machine
learning algorithms trained using digital chest X-ray
scans. The newness of the offered approach, as
deliberated above, is to use a merger of standard pre-
trained CNN-based models to get feature maps and
traditional machine learning algorithms for the diagnosis
and severity prediction tasks. In some way, our
proposed framework bears a resemblance to the pattern
of transfer learning.

Here, our dataset of digital CXR scans contains
instances of the form (X;,y;) where X; is a chest X-ray
image and y; € {+1,—1} is its linked label. For COVID-
19 diagnosis, y; specifies whether X; signifies COVID-
19 (+1) or not (—1) and to predict COVID-19 severity, y;
specifies mild (—1) or severe (+1). We have extracted
feature maps denoted by x; for every chest X-ray image
X; in our datasets. By using these extracted feature
maps, we aim to acquire functions that can identify
coronavirus infection and elucidate its severity. To learn
functions, we have employed three diverse classical
machine learning-based algorithms: (i) support vector
machine (SVM), (ii)) gradient boosting machine
(XGBoost), and (iii) random forest (RF) [41-43].
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* Support vector classification (SVC)

We have employed support vector machines (SVMs)
to diagnose COVID-19 and predict its severity by
learning a function of the form f(x) = (w,x) with w as a
weight vector to be learned through training by using the
available training instances: {(x;,y)|i=1,2,...,N}. To
learn the optimal weight vector w by using SVM, the
following optimization problem is required to be solved
[42].

1 N
minw,fi/lw2 + Z &
i-1

Such that forall i: y;(w,x;) > 1-&, & >0 (1)

The objective function is shown in Eq. (1) tries to
maximize the margin while curtailing the margin

1
violations (or slacks &) [42]. The hyper-parameter A = c

is used to control the tradeoff between margin violation
and margin maximization. We have used both linear and
non-linear (radial basis function (RBF)) kernels. Values
of A and y have been coarsely optimized through grid
search with ranges of values via python based machine
learning package called Scikit-learn (version: 0.23)
[44,45].

* Random forest classification (RFC)

Random forest is a supervised machine learning
algorithm that builds an ensemble of decision trees,
usually trained with the “bagging” method. This techni-
que works by building numerous parallel decision trees
while training and produces outputs as a means of the
classes of all trees [41]. It performs efficiently on
problems with a non-linear relationship in their feature
space. While training, RF builds each decision tree by
taking a random subset sample of input feature space.
RF algorithm has serval hyper-parameters that need to
be optimized for better results. We have optimized in
this work, through grid search, the maximum number of
features required to split a node, the total amount of
decision trees, the least number of samples essential to
split, and the maximum number of levels in each
decision tree [45]. This machine learning technique has
been witnessed performing efficiently in many other
published studies [34,46—49].

* XGBoost classification (XGBC)

XGBoost is a boosting-based ensemble learning
technique that chains several weak learners into stronger
ones in an iterative way [43,50]. At the core of
XGBoost, there is boosting that lessens biases by
supervising the model about what errors have been made
by previous models and variance by maneuvering
multiple models. In the XGBoost technique, each
subsequent model is mentored using the residuals (the
variance between the predicted and actual values), then

© The Author(s) 2022. Published by Higher Education Press

models are fitted via subjective differentiable loss
function and gradient descent optimization method by
pushing the limits of computational resources for
efficient throughput. Here, we used trees as default base
learners and optimized XGBoost in terms of the number
of boosting iterations, the learning rate, booster,
maximum depth, and subsample ratio by employing grid
search technique and a python-based package called
XGBoost 0.7 [34,45,50].

Experimental format

To train a machine learning-based model and to evaluate
its performance to diagnose COVID-19 and predict its
severity, we have followed the following experimental
setup. We have divided the preprocessed images into
two sub-sets: train-test set (80%), external validation set
(20%), and reported generalization performance using
both the sub-sets. We have used a train-test set for 10-
fold cross-validation (CV where we split all the images
in the subset into 10 groups after shuffling. By using
these 10 groups, we have trained 10 models repeatedly
with 9 groups as train sets and reported accuracy using
each group to be held out as the test set [51]. Similarly,
to further confirm the robustness of the generalization
performance of our proposed technique, we have used
an external validation dataset. To report the predictive
performance using an external validation set, we have
used the whole train-test set to train the classification
models and used the external validation set as the test
set. We have computed the area under the precision-
recall curve (PR), the area under the ROC curve (ROC),
and the F1-measure from the predicted scores and actual
labels and reported as accuracy metrics to evaluate the
trained model and for its performance assessment
[51-53]. We have not reported accuracy as a
performance metric because of data imbalance and
unevenly correctly classified class importance. While
using the 10-fold CV, we have reported the mean value
of performance metrics across folds. We have used grid
search over training data to determine the optimum
values of hyper-parameters of various classification
algorithms [45]. We have also evaluated the
performance of COVIDX in a real setting using its
webserver under the observation of a qualified
radiologist.

Statistical analysis

We have also performed the statistical analysis by
checking the statistical significance of obtained
performance (F1 score) in comparison to the state-of-
the-art previously published techniques. For this
purpose, we have used Wilcoxon test [54]. The test
considers the null hypothesis as the median of the
performance scores of the proposed model and
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previously published techniques are equal. Alternatively,
our proposed solution exhibits higher performance. We
have used the test statistics at a 95% confidence interval
(or a=0.05). We have performed this analysis using an
online webserver (STAC Web Platform) [55].

COVIDX webserver

The optimal trained machine learning model in this
study has been deployed as an openly accessible
webserver. This webserver simply accepts a digital chest
X-ray scan to perform coronavirus the required task.
After successfully uploading an X-ray image, the users
can get COVIDX predictions on the same page. This
procedure has been divided into three steps: 1) to
determine the uploaded scan reflects a healthy or an
unhealthy person (healthy vs unhealthy), 2) if the
uploaded image belongs to an unhealthy person then
whether it is COVID-19 infection or not (COVID-19 or
not), and 3) if it is coronavirus infection then predict its
severity (please see Fig. 4). This webserver is freely
available at the site of google.

Input chest X-ray

Figure 4. Working flow of COVIDX for the
diagnosis of COVID-19 and its severity prediction
using chest X-ray scans.

Normal or abnormal

i
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