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Abstract

Objectives To study whether a trained convolutional neural network (CNN) can be of assistance to radiologists in differentiating

Coronavirus disease (COVID)—positive from COVID-negative patients using chest X-ray (CXR) through an ambispective

clinical study. To identify subgroups of patients where artificial intelligence (AI) can be of particular value and analyse what

imaging features may have contributed to the performance of Al by means of visualisation techniques.

Methods CXR of 487 patients were classified into [4] categories—normal, classical COVID, indeterminate, and non-COVID by

consensus opinion of 2 radiologists. CXR which were classified as “normal” and “indeterminate” were then subjected to analysis by

Al, and final categorisation provided as guided by prediction of the network. Precision and recall of the radiologist alone and radiologist

assisted by Al were calculated in comparison to reverse transcriptase-polymerase chain reaction (RT-PCR) as the gold standard.

Attention maps of the CNN were analysed to understand regions in the CXR important to the Al algorithm in making a prediction.

Results The precision of radiologists improved from 65.9 to 81.9% and recall improved from 17.5 to 71.75 when assistance with

Al was provided. Al showed 92% accuracy in classifying “normal” CXR into COVID or non-COVID. Analysis of attention

maps revealed attention on the cardiac shadow in these “normal” radiographs.

Conclusion This study shows how deployment of an Al algorithm can complement a human expert in the determination of

COVID status. Analysis of the detected features suggests possible subtle cardiac changes, laying ground for further investigative

studies into possible cardiac changes.

Key Points

» Through an ambispective clinical study, we show how assistance with an Al algorithm can improve recall (sensitivity) and
precision (positive predictive value) of radiologists in assessing CXR for possible COVID in comparison to RT-PCR.

» We show that Al achieves the best results in images classified as “normal” by radiologists. We conjecture that possible subtle
cardiac in the CXR, imperceptible to the human eye, may have contributed to this prediction.

* The reported results may pave the way for a human computer collaboration whereby the expert with some help from the Al algorithm
achieves higher accuracy in predicting COVID status on CXR than previously thought possible when considering either alone.
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Introduction

Over 25 million people globally have tested positive for
Coronavirus disease 2019 (COVID-19) as of 31 August
2020 [1]. The pandemic is still at its peak in many countries
around the world, with a large number of patients infected in
resource-constrained countries. The current gold standard test
for severe acute respiratory syndrome coronavirus (SARS-
CoV-2) is RT-PCR which has limited sensitivity and takes
time to process. Rapid antigen tests suffer from low sensitiv-
ities ranging between 11.1 and 81.8% [2, 3]. With the peak of
cases shifting to the developing world, availability of test-kits,
protective equipment for the healthcare workers, etc. is be-
coming even more scarce [4].

Chest radiography (CXR) is among the most common in-
vestigations performed world over and accounts for 25% of
total diagnostic imaging procedures [5]. It is a portable, inex-
pensive, and a safe modality, which is widely used to assess
the extent of lung involvement in a wide variety of thoracic
pathologies. It is widely available in hospital set-ups even in
small peripheral centres and involves minimal contact with the
patient. However, CXR has not been seen to be sensitive or
specific for changes related to COVID-19. While many pa-
tients do not show any changes on chest radiography (to an
expert eye) [6], those who do show changes are difficult to
differentiate from other forms of pneumonia.

Deep learning has shown supra-human performance for
image classification tasks, not only for natural images [7]
but also in some medical imaging scenarios as well [8].
Typically, the strengths and weaknesses of human readers
and machines have been complementary [9, 10] and collabo-
ration between the expert and Al system tends to yield the best
results [11]. We therefore explored the potential of an Al-
based system as an aid to a radiologist in classifying chest
radiographs, as this could provide the much-needed bedside,
widely available inexpensive diagnostic tool.

With the release of several datasets of CXR from COVID-
positive patients across the world, several researchers have
attempted to build such a system for classification. However,
only two studies had tested the algorithms on the real world,
clinical data in a hospital setting [12, 13]. All others had tested
on a held-out subset of curated publicly available data. There
is therefore a need to validate the algorithm in a prospective
hospital-based setting. In addition, none of the studies has
identified subsets of patients where the use of Al can help
experts or analysed the pattern of abnormalities picked up in
making the prediction.

We developed and validated an algorithm that could
differentiate the CXR of COVID-19-positive patients
from COVID-19-negative patients. We showed how the
deployment of such a tool can improve the recall
(sensitivity) and precision (positive predictive value
(PPV)) of radiologists in identifying COVID-positive
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patients in routine clinical practice. In addition, we
found that Al performed particularly well where the
CXR was completely normal. Analysis of the attention
maps revealed possible changes in cardiac configuration,
laying ground for further studies.

Materials and methods
Data used in the study

Institutional Review Board clearance was obtained prior to the
start of the study (reference number IEC-242-17.04.2020).
This was an ambispective study. Recruitment of patients for
training, testing, and in the ambispective clinical study is
summarised in Fig. 1.

In the retrospective phase (18th April to 27th
May 2020), patients who tested positive for COVID-19
by RT-PCR and underwent chest radiographs within 24 h
of the test were included. Only the chest radiograph at
presentation was taken into consideration. All patients
underwent anteroposterior (AP) view radiographs since
only portable radiography within a COVID isolation ward
is performed in our institution. The COVID-negative ra-
diographs in this phase came from consecutive (AP view)
chest radiographs performed in our institution between the
Ist to the 30th of January 2018. In this subset, only AP views
were chosen in order to exclude bias, since all COVID-
positive radiographs were AP views. Radiographs from
January 2018 were chosen to negate the possibility of false-
negative RT-PCR studies.

In the prospective phase, all patients presenting to the out-
patient or emergency department of the All India Institute of
Medical Sciences (AIIMS), New Delhi, from 1 July 2020 to
30 July 2020 with the following inclusion criteria were con-
sidered for the study: (1) Patients who have undergone throat/
nasal swab for COVID-19 RT-PCR within the institution, (2)
have undergone AP view radiograph within 24 h of the RT-
PCR, and (3) gave informed consent for the use of the imaging
data for their study.

COVID test reports (only RT-PCR) were obtained from the
Electronic Medical Record (EMR) of the hospital and X-ray
images were accessed through the Picture Archiving and
Communication System (PACS) of the institute. As our insti-
tution also serves as a quarantine centre, some patients who
were asymptomatic or mildly symptomatic also underwent
CXR in order to triage patients who may need admission, as
judged appropriate in specific clinical situations. Since pa-
tients presented in different phases of the illness, the timing
of radiograph with respect to the onset of symptoms or date of
exposure could not be standardised. A total of 177 CXR in-
cluded in this study were COVID-positive on RT-PCR and
310 were COVID-negative on RT-PCR.
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April 2020 May 2020

17 April 2020-27 May 2020

1 July 2020-31 July 2020

Training and Validation of
Algorithm Testing of Algorithm

3271 COVID positive (public),200 COVID
positive (Hospital)

380 COVID positive (public data)

1230 COVID Negative (public data)
13,923 COVID Negative (Public) 400
COVID Negative (Hospital)

Review by 2

radiologists

O

Retrospective clinical Test and result
analysis (Hospital Data)

88 COVID positive (RT-PCR)

96 COVID Negative (RT-PCR)

Prospective enrollment of patients for
clinical test (Hospital Data)

89 COVID positive (RT-PCR)

214 COVID Negative (RT-PCR)
N

J
Y
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COVID vs Non-COVID

N

Fig. 1 Phases of the selection of patients for training and testing the CNN
Al analysis of radiographs

We designed and trained our own deep neural network, re-
ferred to as COVID-AID network for the study. The network
was trained to predict the COVID status of the patient based
on CXR. Details of the data used, network architecture, train-
ing strategies, and validation of network on public data are
given in the supplementary appendix. The algorithm is open-
sourced, and a link to the network is provided at the end of this
manuscript. The performance of the model was assessed by
means of an AuROC curve and precision-recall statistics.
None of the images used in the clinical study was used either
for training or for validation of the Al algorithm.

Radiologist analysis of radiographs

All radiographs were classified by consensus opinion of 2 radi-
ologists (with 9 and 3 years of experience in chest imaging) as per
the British Society for Thoracic Imaging (BSTI) guidelines into
one of [4] categories—A: normal, B: indeterminate for COVID-
19, C: classical for COVID-19, or D: non-COVID-19 [14].

Al-assisted radiologist analysis of radiograph

We assumed that when the radiologist could call the CXR as
being “C: classical COVID” or “D: non-COVID” as in the
BSTI guidelines, he/she was fairly certain of his/her diagnosis;
therefore, we took his/her opinion as the final opinion. In cases
where the radiologist classified the CXR as “A: normal”, he/

| Al assisted prediction of COVID status

she had absolutely no guiding criteria to determine whether
this was COVID/non-COVID; therefore, the opinion of Al
was taken as final in this case. The strategy is also justified,
because Al performed particularly well in this subset as seen
in Table 3. For the subset where the human expert classified a
radiograph as B: indeterminate, we used the confidence score
of Al to guide whether a final categorisation may be given.

In this phase, therefore, CXR classified as C: “classical for
COVID-19” and D: “non-COVID” remained in those catego-
ries, but the A: “normal” and B: “indeterminate” radiographs
were reclassified after considering the predictions made by the
Al algorithm and the corresponding confidence scores. In A:
“normal” category, the prediction made by the Al algorithm
was accepted; that is, those classified as COVID-positive by
the algorithm were reclassified into the “C: classical COVID”
category and those classified as COVID-negative by the Al
technique were reclassified into the “D: non-COVID” catego-
ry. For the cases originally in the B: indeterminate category,
the prediction made by the Al algorithm was accepted wher-
ever the confidence score of the algorithm was above 70%.
We arrived at a figure of 70 % confidence based on the ob-
servation that in the publicly available data used for testing the
algorithm, predictions had high accuracy where the confi-
dence was higher than 70 percent.

Evaluation metrics

For evaluating the performance of the radiologist alone, as
well as radiologist + Al, RT-PCR of the patient within 24 h
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of the CXR was considered the gold standard. Only definite
predictions of “C: classical COVID” or “D: non-COVID”
were considered positive and negative, respectively, for the
calculation of precision and recall.

Precision/positive predictive value = total number of pa-
tients predicted as C: classical COVID who were also
COVID-positive as per RT-PCR/total number of patients pre-
dicted as C: classical COVID.

Recall/sensitivity = total number of patients predicted as C:
classical COVID which were also COVID-positive as per RT-
PCR/total number of COVID-positive patients in the study as
per RT-PCR.

Specificity = total number of patients predicted as D: non-
COVID which were also COVID-negative as per RT-PCR/
total number of COVID-negative patients in the study as per
RT-PCR.

Results

The AuROC curve of the algorithm (Al alone) on the public
data and complete data collected from our hospital is given in
Fig. 2 a and b respectively. The algorithm attained an AuROC
0f'89.3% for the COVID class in the dataset from our hospital.
The overall accuracy of the algorithm (for both COVID-
positive and COVID-negative) was 78% on this dataset.

The distribution of images into each of the [4] categories is
given in Table 1. As seen in Table 1, prior to the use of the Al
algorithm, a large number of images fell into the A: “normal”
or B: “indeterminate” category, where the radiologist could
not determine with any confidence whether the changes could
be attributed to COVID or not. After running the proposed Al
algorithm, 100% of images classified as normal by the

radiologist and 23% of images (where the Al confidence score
was over 70%, as described in the section above) classified as
indeterminate by the radiologist could be reclassified into a
definitive category (C: COVID, or D: non-COVID). Precision
and recall of the consensus opinion of the radiologist without
and with the assistance of the Al tool are given in Table 2.

As seen in Table 2, the radiologists performed well in this
classification if we were to include only images assigned a
definitive category. However, since a large number of images
were assigned either “normal” or “indeterminate category”,
when the entire dataset was considered, the precision of the
radiologist alone was 65.9% and recall was only 17.5%. In
addition to Al, the precision and recall improved to 81.9 and
71.75% respectively.

It may be noted that the network performed particularly
well on images classified as being completely normal by the
radiologist. Figure 2¢ and Table 3 shows the ROC curve for
images classified as A: normal by the radiologist.

The number of COVID-positive and COVID-negative (as
per RT-PCR) patients classified in the [4] categories before and
after assistance by Al is given in Table 4 and Table 5 respec-
tively. The performance of the Al algorithm on CXR classified
as A: normal is given as a confusion matrix in Table 3.

As seen in Tables 4 and 5, the specificity of the radiologist
increased from merely 20 (62 correct COVID-negative
predictions/ 310 COVID-negative patients in the dataset) to
68.7% (213/310).

Analysis of patterns detected by the Al algorithm:
could cardiac changes hold the key?

As seen in Fig. 2¢ and Table 3, the algorithm attains very high
accuracy in differentiating between COVID-positive and
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Fig.2 Receiver operating curve plotting the performance of our model on publicly available data (a), ambispective hospital data (b), and on the subset of
images (c) considered normal by the radiologist
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Table 1
category has been mentioned in the table

Distribution of CXR into 4 categories by radiologists, before and after assistance by the Al algorithm. The number of images classified in each

Normal Non-COVID Indeterminate for COVID  Classical COVID
Radiologist alone 236 66 138 47
Radiologist+Al 0 66+ 160 (classified normal by radiologist) 106 47+76 (classified as normal by radiologist)

32+ (classified indeterminate by radiologist)

COVID-negative patients in the subset classified as being A:
normal by the human expert. In order to understand the reason
for such high accuracy, we analysed the proposed deep neural
network using various visualisation techniques. The analysis
highlights what regions of the radiograph the network focuses
on while making a particular prediction. We used RISE
visualisations and analysed local crops used for predictions.
The details of the methods of visualisations used are described
in detail in the supplementary appendix.

These visualisations were analysed by a radiologist, along
with the RT-PCR report and the confidence scores of the
network. For patients who had lung changes of pneumonia,
we found the network to focus on the correct regions of the
radiograph, as judged by the radiologist. An example of RISE
visualisations and corresponding local crop (see details of our
network architecture given in supplementary appendix for de-
scription of “local crop”) used by our deep neural network is
given in Fig. 3.

We were particularly interested in the visualisations for ra-
diographs adjudged as being normal by the radiologist. We
found that the Al model consistently focussed on the cardiac
region in most patients and it was correctly classified as being
COVID positive. The analysis of the confidence scores re-
vealed that the network was 98-100% confident in making
the prediction when it focussed on this particular region in
patients with their radiographs classified as A: normal by the
radiologist in our study. Figure 4 shows the visualisations de-
scribed, along with the confidence scores for prediction in one
such radiograph. All images were then seen again by a radiol-
ogist to look for any changes in the carinal angle, cardiothoracic
ratio, and subtle signs of cardiac involvement, but no definite
changes could be discerned conclusively.

In order to confirm our hypothesis of the cardiac
shadow being the determining factor, we performed a
few experiments. First, in the subset of images adjudged

as A: normal, we forced the network to focus on the
cardiac region by taking predictions only from a central
crop into consideration for the local model (see the
details of the proposed network architecture in
supplementary appendix). We found that 75% of the
wrong predictions made by the Al model were corrected
by this intervention alone. Second, we trained a second
deep neural network to segment out the lungs out in a
CXR in order to focus exclusively on the cardiac region
(supplementary material, Fig. 5). We found that there
was no drop in accuracy, though no improvement was
seen in this case.

Both the above experiments supported our hypothesis that
subtle changes in the cardiac configuration likely aided in a
specific diagnosis of COVID positivity even in patients who
did not show any lung changes on chest radiographs.

Experiments to analyse cardiac changes on other
modalities

ECG-gated CT scans, echocardiography, and cardiac MRI
could all have potentially yielded some clues to throw light
into the possible cardiac changes. However, we do not
routinely perform CT scans for all COVID-positive pa-
tients in our institution, unless their clinical condition war-
rants one. These CTs are not ECG gated. In our prospective
dataset, only 11 COVID-positive patients underwent non-
cardiac gated chest CT scans during this time. An analysis
of these CT scans revealed a dilated main pulmonary artery
in 8 out of 11 patients, left atrial anteroposterior diameters
of over [4] cm in 3 patients, and minimal pericardial effu-
sion in 3 patients. However, all these patients had signifi-
cant pulmonary abnormalities; therefore, these CTs cannot
be considered representative of the population. Due to lo-
gistic reasons, we could only perform echocardiography in

Table 2 Precision and recall of

radiologist alone and radiologist Precision  Recall
plus Al
Radiologist (here, true-positive prediction is COVID-positive patient classified as classi-  65.9 88.5
cal COVID or non-COVID are considered for metric calculator)
Radiologist (true-positive prediction is COVID-positive patient classified as classical 65.9 17.5
COVID; all scans in the study categorised in any of the 4 categories were considered for
metric calculation)
Radiologist +Al (criteria for calculation same as the row) 81.9 71.75
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Table3  Confusion matrix of the Al algorithm in images labelled as “normal” by the radiologist. Precision and recall of the Al algorithm are tabulated
in percentage

151 (0.94) 9 (0.06)

9(0.12)

Precision | Recall F1-score @ Total
number
Normal CXR, COVID Negative 091 0.84 094 160
Normal CXR, COVID positive 0.88 0.88 0.88 76
Accuracy 0.92 236

a small subset of patients. Only 8 patients who had normal =~ minimal pericardial effusion in 2 patients and mild left
chest radiographs underwent echocardiography. We found  atrial enlargement in 2 patients.

Table 4 Performance of

radiologist alone. Rows represent Radi910gi§t RT-PCR
classification by the radiologist classification
into 4 categories. 2nd and third COVID-positive (RT-PCR) COVID-negative (RT-PCR)
columns show the RT-PCR re-
sults (ground truth) against which Classical COVID 31 16
the predictions of the radiologist Normal 76 160
have been judged Indeterminate 66 72
Non-COVID 4 62
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Table 5 For Radiologist + AL
Rows represent classification by
the radiologist + Al into 4
categories. 2nd and third columns

Radiologist classification

RT-PCR

COVID-positive COVID-negative

show the RT-PCR results (ground

truth) against which the predic- Classical COVID 314+67%+29"=127 16+9%+37=28

tions of the radiologist + Al has Normal 0 0

been judged Indeterminate 37 69
Non-COVID 4+9%=13 62+151%=213
*Represents X-rays reclassified from normal to definitive category by addition of Al and » represent X-rays
reclassified from indeterminate to definitive category

Discussion radiographs in the second and third phase of the test and

In this work, we explored the role of an artificial intelligence
algorithm in differentiating COVID-positive from COVID-
negative patients on chest radiographs. We found that Al
was particularly effective where the trained eye could not
identify any abnormality with certainty. To the best of our
knowledge, such efficacy in differentiating COVID-positive
from COVID-negative patients in radiographs that look nor-
mal to the expert eye has not been reported previously. This
algorithm has been tested in 3 phases, 2 of these being in real-
world hospital settings. We also attempted to understand the
“super-human” prediction and put forward a hypothesis on
possible subtle cardiac involvement even in patients with mild
disease (adjudged by normal radiographs) which has not been
suggested previously.

In order to ensure that our Al algorithm is not “overfitting”,
which is a common problem with deep neural networks, we
conducted a variety of experiments. First, we ensured that data
used for training was obtained from multiple sources, with
radiographs of patients from all over the world. In addition,
we performed extensive clinical tests, first on a held-out public
dataset and second on a dataset selected retrospectively and
finally implemented it prospectively. This is significant as it
proves the efficacy of our model on unseen data in a real-
world clinical setting. We also extensively checked for bias
due to confounding factors known to influence the appearance
of chest X-rays. We used only anteroposterior view

checked the age and gender distributions for differences be-
tween the COVID-positive and COVID-negative subgroups.

With the release of numerous publicly available datasets,
research in Al-based solutions on COVID-19 images has
bloomed. However, testing these algorithms in real-world clin-
ical scenarios is absolutely essential before any possible deploy-
ment [15]. In the real world, poor-quality radiographs cannot be
excluded. Also, in the real world, other pathologies, such as
cancer, effusions due to other comorbidities, and chest wall
pathologies, cannot be excluded, unlike in curated datasets. In
our study, we used all radiographs, without excluding any ra-
diographs based on quality or pathology. This is very signifi-
cant, as all previous studies specifically excluded radiographs
believed to be of inferior quality. In real-world clinical practice,
particularly when portable radiography is used, as in COVID,
this may result in the exclusion of a large number of radio-
graphs. This also explains our lower accuracy in our hospital
dataset in comparison to the publicly available data, which is
usually curated to include only good-quality radiographs.

Al algorithms also suffer from the problem of being “black
box” algorithms; i.e. it is difficult to decipher why the system
makes a particular decision. It was crucial to overcome this in
our case, as the algorithm reliably picked up a finding that was
not easily visible to the human eye. We have performed several
experiments towards the “explainability” of these algorithms.
All our experiments with RISE visualisations, attention models,
feeding the proposed model only crops of the original images,

r

Fig. 3 Example of RISE visualisations and corresponding local crop used by our deep neural network in a patient where lung changes are seen. As seen
in this image, the network correctly focuses on appropriate changes in the lung
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Fig. 4 Top row shows a chest X-ray (a) from a COVID-positive patient COVID-negative patient adjudged as normal (d) by the radiologist and
adjudged as being normal by a radiologist. The CNN classified this as correctly classified as COVID-negative by the network. In this case, the
being COVID-positive. The RISE visualisation (b) shows network atten- visualisation shows attention at patchy distributed locations. Both predic-
tion in the cardiac region; the local crop (¢) is also focussed on the region tions were made with 100% confidence. This pattern of visualisation was
of the heart just below the carina. The bottom row shows a radiograph of a consistent in most radiographs in the test set

For “Normal® CXR consider Al
opinion as final

Expert assigns “Normal” or
“Indeterminate” category

For “Indeterminate” CXR
consider Al opinion as final if
confidence is >70 percent

Undergoes Chest Xray

17
[}
&
o
-
Q
>
o
o
o
=
=
=
T
7}
o
=
(5}
=
@
Q
>
c
<

Expert assigns category of

Consider expert
assessment as Final

“Classical COVID" or “Non-COVID"

Fig. 5 Possible workflow in patients for determination of COVID-19 status on the basis of the radiograph
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and segmenting out the lung tissue indicated that subtle changes
in cardiac configuration may hold the key. Our findings have
been supported by the work of Puntmann et al [16, 17] where
the investigators found signal changes within the myocardium
of over 70% of patients after recovery, even in patients who did
not suffer from severe forms of the disease.

Our study has several limitations—we were unable to per-
form a thorough cardiac evaluation due to logistic reasons.
The conclusions on cardiac involvement, therefore, only lay
ground for further investigation of the cardiac manifestations,
rather than being conclusions in themselves. In addition, the
present study had a small sample size. Larger clinical studies
would therefore be needed for the confirmation of our find-
ings. The timing of the radiograph in relation to the onset of
illness also needs to be elucidated in more detail in further
clinical studies.

This paper has 2 major contributions. First, we provide a
mechanism for man-machine interaction where we show that
the combination can significantly improve our diagnostic abil-
ity. The ability to detect COVID in apparently normal chest
radiographs can potentially transform clinical care. This tool
has been tested retrospectively as well as prospectively in
separate clinical cohorts of patients to exclude possible biases.
The use of this tool could dramatically rationalise the number
of tests that is needed to be performed per day, particularly in
resource-constrained settings. We give a suggested workflow
for the use of the algorithm in a clinical scenario (Fig. 5).
Second, the hypothesis of possible cardiac involvement needs
further investigation and potentially adds a new dimension to
our understanding of the pathophysiology of the disease.

We hereby open-source our tool, hoping researchers
around the world may test it in their clinical settings. The tool
also introduces a possibility of human—AI collaboration in
such a way that Al builds on the limitations of the human
expert to provide significant benefit to the patient.

Source code and trained model are available on the link
below:

https://github.com/sumanyumuku98/CovidAid_V2

Supplementary Information The online version contains supplementary
material available at https://doi.org/10.1007/s00330-020-07628-5.
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