CT scan for prognosis of COVID-19 by deep learning
Eur J Transl Myol 33 (3) 11571, 2023 doi: 10.4081/ejtm.2023.11571

Quantitative evaluation of CT scan images to determinate the
prognosis of COVID-19 patient using deep learning

Saeid Sadeghi Joni (1), Reza Gerami (1), Fakhereh Pashaei (2), Hojat Ebrahiminik (3),
Mahmood Karimi (4)

(1) Department of Radiology, Faculty of medicine, Aja University of Medical Sciences, Tehran,
Iran; (2) Radiation Sciences Research Center (RSRC), Aja University of Medical Sciences,
Tehran, Iran; (3) Department of Interventional Radiology and Radiation Sciences Research
Center, Aja University of Medical Sciences, Tehran, Iran;(4) Department of Internal Medicine,
Faculty of Medicine, AJA University of Medical Sciences, Tehran, Iran.

This article is distributed under the terms of the Creative Commons Attribution Noncommercial License (CC BY-NC 4.0) which permits
any noncommercial use, distribution, and reproduction in any medium, provided the original author(s) and source are credited.

Abstract

The purpose of this research is to evaluate the accuracy of Al-assisted quantification in
comparison to conventional CT parameters reviewed by a radiologist in predicting the severity,
progression, and clinical outcome of disease. The current study is a cross-sectional study that
was conducted on patients with the diagnosis of COVID-19 and underwent a pulmonary CT scan
between August 23%, 2021 to December 21", 2022. The initial CT scan on admission was used
for imaging analysis. The presence of ground glass opacity (GGO), and consolidation were
visually evaluated. CT severity score was calculated according to a semi-quantitative method. In
addition, Al based quantification of GGO and consolidation volume were also performed. 291
patients (mean age: 64.7+7; 129 males) were included. GGO + consolidation was more
frequently revealed in progress-to-severe group whereas pure GGO was more likely to be found
in non-severe group. Compared to non-severe group, patients in progress-to-severe group had
larger GGO volume percentage (40.6%+ 11.9%versus 21.7%* 8.8%, p <0.001) as well as
consolidation volume percentage (4.8% +2% versus 1.9% + 1%, p<0.001). Among imaging
parameters, consolidation volume percentage and the largest area under curve (AUC) in
discriminating non-severe from progress-to-severe group (AUC=0.91, p <0.001). According to
multivariate regression, consolidation volume was the strongest predictor for disease
progression. In conclusion, the consolidation volume measured on the initial chest CT was the
most accurate predictor of disease progression, and a larger consolidation volume was associated
with a poor clinical outcome. In patients with COVID-19, Al-assisted lesion quantification was
useful for risk stratification and prognosis evaluation.
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Coronavirus disease 2019 (COVID-19) which is patients.3 It has been established that chest computed
caused by the severe acute respiratory syndrome tomography (CT) is the imaging modality of choice for
coronavirus (SARS-CoV-2), has been the most rapid identification and monitoring of the disease course
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significant global health concern over the past few years.! mn COYID—19 pneumonia. .Comp?:lratlvely to_reverse
Numerous material and human resources have been transcription polymerase ghaln reaction (RT-P'CR),.ch'est
devoted to the diagnosis and treatment of COVID-19, CT has an extremely high sensitivity for identifying

whose clinical spectrum ranges from moderate to severe COVID-19 pneumonia. It was also revealed that the

disease. The majority of confirmed cases are classified as sevgrlt?/ of the p}lliréonary 1e510n§ played a rple in the
mild, whereas a few require hospitalization or even lead patient's prognosis.®” However, visual evaluation of CT

to respiratory failure and mortality.>® Important for images may be associated with greater variability, and
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resources is the timely identification of high-risk using deep learning has been advocated for automated
reading and quantification of parenchymal involvement
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on CT-scans, helping speed up the reading time and
reducing the burden of the radiologists.” In comparison
to visual analysis, it permits a more precise quantification
of pulmonary lesions based on varying attenuation
thresholds.” Furthermore, Al was found to be useful in
identifying COVID-19 pneumonia of other origin using
chest CT with good diagnostic accuracy as well as
predicting COVID-19 respiratory problems.® However,
there is a lack of consensus in the scientific literature
regarding the factors that can predict the probability of
death or experiencing a worsening of clinical condition
in COVID-19 patients.’ Using a combination of Al-based
CT analysis and clinical and laboratory data, a more
accurate prognosis could be determined. Therefore, the
purpose of this research is to evaluate the accuracy of Al-
assisted quantification in comparison to conventional CT
parameters reviewed by a radiologist in predicting the
severity, progression, and clinical outcome of the disease.

Materials and Methods

The study protocol was approved by the research
committee of AJA University of Medical Sciences, and
the ethics committee also approved it (Code No:
IR.AJAUMS.REC.1400.209). The current study is a
cross-sectional study that was conducted on patients who
were admitted to the 501 Army Hospital in Tehran with
the diagnosis of COVID-19 and underwent a pulmonary
CT scan between August 23", 2021 to December 21%",
2022. The SARS-CoV2 positivity was determined by
reverse-transcriptase polymerase chain reaction (RT-
PCR) of standard nasopharyngeal and oropharyngeal
swab specimens. Only symptomatic patients were
included who had at least one of the following symptoms:
fever or chills, dry cough, fatigue, sputum production,
shortness of breath, muscle or joint pain, sore throat,
headache, gastrointestinal symptoms, and loss of smell or
taste. The exclusion criteria were: 1) the image quality of
chest CT was significantly impaired so that Al-based
quantification was not feasible; ii) patients had
superimposed infections of other pathogens; and iii)
patients were initially classified as severe on admission.
The initial CT scan on admission was used for further
analysis. Medical history data including age, sex, body
mass index (BMI), hypertension, diabetes, and chronic
obstructive pulmonary disease (COPD) were recorded.
Also, symptoms of patients at the beginning of admission
to the hospital such as fever, cough, and shortness of
breath were recorded. Chest CT scans were obtained
using a 16-slice CT scanner (Philips Incisive, Philips
Healthcare) in the supine position during an inspiratory
breath hold. The CT acquisition protocol included a peak
tube voltage of 120 kV, automatic tube current
modulation (150-350 mAs), slice thickness =1.25 mm,
slice interval =1 mm, matrix=512 x 512, and field of
view =350 mm x 350 mm. Two datasets with different
kernels were reconstructed for the image interpretation of
the lung (sharp kernel, Lung, GE Medical Systems) and
mediastinum (smooth kernel, Stnd, GE Medical

Systems). All datasets were reconstructed with lung
kernel and soft kernel for evaluation of pulmonary
parenchyma and mediastinum. The lung window was set
at a level of — 600 HU and width of 1200 HU whereas the
mediastinal window was set at a level of 40 HU and a
width of 350 HU. The presence of the following lesions
was visually assessed: i) GGO, which was defined as
hazy increased attenuation with preserved margins of
bronchus and vasculature; ii) consolidation, which was
defined as opacification with obscured margins of
bronchus and vasculature; iii) reticulation; iv) nodules; v)
lymphadenopathy; vi) pleural effusion; and vii) other
abnormalities '»!!. Semi-quantitative CT severity scoring
proposed by Yang et al. and Pan et al.'®!! was calculated
for each of the 5 lobes regarding the extent of pathologic
involvement, as follows: 0, no involvement; 1, < 5%
involvement; 2, 5-25% involvement; 3, 26-50%
involvement; 4, 51-75% involvement; and 5, > 75%
involvements. The resulting global CT score was the sum
of each individual lobar score from 0 to 25. Two chest
radiologists (with 5-year and 15-year experience of chest
imaging) independently evaluated all patients without
knowing of clinical characteristics and prognosis. Any
disagreement between two observers was resolved by
consensus. The U-net model is a popular deep learning
architecture used for image segmentation tasks.!”!* In
this study, the U-net model was adapted with batch
normalization after each layer to improve its performance
and convergence during training. After training the
model on a dataset consisting of 3393 slices from 36
patients, the Dice similarity score was found to be 0.97.
The Dice similarity score is a common metric used to
evaluate the accuracy of image segmentation models, and
a score of 0.97 indicates that the model performed very
well in accurately segmenting the target structures in the
images.'>"> Overall, the use of batch normalization after
each layer in the U-net model appears to have
significantly improved its performance in this study,
leading to a high level of accuracy in the segmentation
task. In the recognition of pneumonia regions, the
semantic segmentation technology based on deep
learning was used to perform one-time segmentation
extraction of the pneumonia regions in the input lung
parenchyma. Ronneberger et al.'? proposed the U-net for
the segmentation of anatomic structures in microscopy
images. Since then, it has been used for a wide range of
segmentation tasks and various modified versions have
been studied.'>'* We used trained U-net (LTRC Lobes)
model for lung segmentation. This model was trained on
a subset of the LTRC dataset. The model performs
segmentation of individual lung-lobes (Figure 1).'> The
volumes of GGO and consolidation were automatically
measured according to different attenuation thresholds
(=750 HU ~—300 HU for GGO, —300 HU ~ 50 HU for
consolidation). The percentages of GGO volume as well
as consolidation volume versus whole lung volume were
also recorded. Two chest radiologists (with 5-year and
15-year experience of chest imaging) independently
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Fig 1. Lung segmentation using the U-net model (LTRC Lobes). Adapted from Hofmanninger J.,et al.,’”

supervised the lesion quantification and manual
adjustment of lesion regions was made when necessary.
Any disagreement between two observers was resolved
by consensus. Disease severity was evaluated according
to the 6th edition of diagnosis and treatment protocols for
pneumonia caused by novel coronaviruses issued by
Chinese centers for disease control and prevention.*¢
Patients with a confirmed diagnosis of COVID-19 were
classified into four types as described below: i) mild,
patients with mild symptoms and no imaging findings of
pneumonia; ii) moderate, patients with fever, respiratory
symptoms, and imaging findings of pneumonia; iii)
severe, patients met any of the following criteria: a.
respiratory distress, respiratory rate 30 times/min; b.
SpO2 93% at rest; c¢. PaO2/FiO2 300 mmHg; d. rapid
progression of disease involvement [more than 50%] on
chest CT within 24 to 48 h; iv) critical; patients met any
of For further analysis, patients were grouped as "non-
severe" (classified as mild or moderate type) and
"progress-to-severe" (classified as severe or critical type)
according to the most severe classification during
hospitalization. In addition, the mortality rate was also
recorded. After collecting the study data, they were
entered into SPSS software (version 28, IBM

Corporation, Armonk, NY) and analyzed. After using the
Kolmogorov-Smirnov test, the mean (SD) were used to
describe continuous variables, and the number
(percentage) was used to describe categorical variables.
T-student, chi-square tests, univariate and multivariate
logistic regression, and ROC curve were used to
compare. A p-value less than 0.05 was considered
statistically significant (two-sided).

Results

From August 23", 2021 to December 21", 2022, 316
patients with confirmed COVID-19 infection were
retrospectively reviewed. Three patients were excluded
due to significantly impaired image quality of chest CT
whereas four patients were excluded because of having
superimposed infection of other pathogens. Moreover,
another 18 patients who were classified as severe type
were also ruled out. 291 patients with mean (SD) of age
was 64.7 (+/-7.0) years, with 1.2 female to male
proportion were included in the further analysis. During
hospitalization, 93 (32%) patients progressed to severe
group with mean (SD) age 69.9 (+/-5.4) years that was
higher than non-severe group, the percentage of men was
65.5% which was higher than non-severe group.
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Table 1. Demographic and clinical characteristics of the patients.

Variables All patients (n=291) Non-severe group Progress-to-severe p-value*
(n=198) group (n=93)

Age, year 64.7(7.0) 62.5(6.5) 69.4(5.7) <0.001
Men, No (%) 129(44.3) 72(36.4) 57(61.3) <0.001
Clinical symptoms
No symptom, No (%)  36(12.4) 28(14.1) 8(8.6) 0.181
Fever, No (%) 147(50.5) 101(51.0) 46(49.5) 0.805
Cough, No (%) 145(49.8) 93(47.0) 52(55.9) 0.155
Shortness of breath, 128(43.9) 73(36.9) 58(62.4) <0.001
No (%)
Comorbidity
Diabetes, No (%) 72(24.7) 39(19.7) 33(35.5) 0.004
Hypertension, No (%)  127(43.6) 83(41.9) 44(47.3) 0.387
COPD, No (%) 30(10.3) 14(7.1) 16(17.2) 0.008
Clinical outcome, No
(%)
Death, No (%) 12(4.1) 3(1.5) 909.7) 0.002

All patients were followed up at a mean time of
23.2+11.7 days. For patients from progressed to severe

group, the mean interval between admission and disease
progression was 11.3£3.4 days. Detailed clinical

Table 2. Initial chest CT findings between the non-severe and progress-to-severe groups and clinical outcome.

Variables All patients Non-severe group Progress-to-severe p-value*
(n=291) (n=198) group (n=93)

Pure GGO, No (%) 58 (19.9) 50(25.2) 8 (8.6) 0.001
GGO + Consolidation, No (%) 179 (61.5) 96 (48.5) 83 (89.2) <0.001
Pure consolidation, No (%) 6(2) 4(2) 2(2.1) 0.999
CT severity score 13.2(3.0) 11.8(1.9) 16.3(2.7) <0.001
Reticulation, No (%) 32(11.0) 18(9.1) 14(15.1) 0.129
Nodule, No (%) 8(2.7) 00) 8(8.6) <0.001
Cavitation, No (%) 11(3.8) 4(2.0) 7(7.5) 0.022
Emphysema, No (%) 45(15.5) 23(11.6) 22(23.7) 0.008
Pleural effusion, No (%) 61(21.0) 23(11.6) 38(40.9) <0.001
Lymphadenopathy, No (%) 36(12.4) 16(8.1) 20(21.5) 0.001
Al-assisted quantification
GGO volume percentage 27.8(13.2) 21.7(8.8) 40.6(11.9) <0.001
Consolidation volume 2.8(1.9) 1.9(1.0) 4.8(2.0) <0.001
percentage
GGO+ Consolidation volume 30.6(14.5) 23.7(9.0) 45.4(12.9) <0.001
percentage

Al: artificial intelligence, GGO: ground glass opacity. In case of CT semi-quantitative score, the two group are not different about

_4-
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Fig 3. Clinical outcome

characteristics are given in Table 1. As for subgroup
analysis, GGO + consolidation was more frequently
revealed in progress-to-severe group whereas pure GGO
was more likely to be found in non-severe group (Table
2). Moreover, patients in progress-to-severe group had
higher incidence of pleural effusion, nodule and larger
number of involved lobes (Table 2). The regions of lesion

(pneumonia) were reliably segmented by Al assisted
quantification, with a Dice coefficient of 0.845 (CI
0.751-0.944, p=0.005). Compared to non-severe group,
patients in progress-to-severe group had larger GGO
volume as well as consolidation volume. The GGO
volume percentage and consolidation volume percentage
was significantly higher in severe group (Table 2 and

Table 3. ROC curve analysis of CT-derived parameters for predicting progression and clinical outcome.
Variables Best cut of AUC 95% CI p-value Sensitivity (%) Specificity (%)
Disease severity
progression*

CT severity score 10.5 0.88 0.84-0.92 0.022 0.98 0.30
GGO volume  10.4 0.89 0.85-0.93 0.020 0.99 0.10
percentage

Consolidation 1.7 0.94 0.91-0.96 0.014 0.98 0.46
volume percentage

GGO+ 15.3 0.91 0.87-0.94 0.018 0.99 0.15
Consolidation

volume percentage

Death

CT severity score 13.5 0.88 0.80-0.95 <0.001 0.92 0.66
GGO volume  29.3 0.88 0.81-0.94 <0.001 0.92 0.67
percentage

Consolidation 4.0 0.91 0.87-0.96 <0.001 0.92 0.81
volume percentage

GGO+ 33.2 0.84 0.83-0.95 <0.001 0.92 0.69
Consolidation

volume percentage

AUC: area under curve, CT: computed tomography, CI: confidence interval, GGO: ground glass opacity, ICU: intensive care

unit, ROC: receiver operating characteristic. *Disease severity progression was defined as prediction of progress-to-severe

group.
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progression and clinical outcome.

Table 4. Univariate and multivariate analysis of CT-derived parameters for prediction of disease severity

Variables Univariate analysis

Odds Ratio 95% CI p-value
Disease severity
progression*
CT severity score 38.11 5.12-280.00 <0.001
GGO volume 10.34 1.36-78.24 0.024
percentage
Consolidation 38.69 9.27-161.48 <0.001
volume percentage
GGO+ 16.43 2.20-122.43 0.006
Consolidation
volume percentage
Death
CT severity score 1.43 1.19-1.73 <0.001
GGO volume  22.00 2.79-172.99 0.003
percentage
Consolidation 45.83 5.79-362.69 <0.001
volume percentage
GGO+ 24.27 3.08-190.98 0.022

Consolidation
volume percentage

Multivariate analysis'

Odds Ratio 95% CI p-value
16.57 2.1-126.39 0.007
2.59 0.32-21.03 0.37
24.50 5.69-105.59 <0.001
5.74 0.72-45.48 0.098
8.55 0.95-80.70 0.061
9.22 0.97-88.05 0.054
23.64 2.48-225.39 0.006
10.78 1.08-107.28 0.042

Figures 2 and Figure 3). To determine the predictive
value of CT-derived parameters for disease severity
progression and clinical outcome, ROC curve analysis
and logistic regression were conducted (Figure 2 and
Table 3). The results revealed that consolidation volume
percentage had the greatest AUC in distinguishing
between the non-severe and progress-to-severe groups as
well as predicting clinical outcomes (Figure 3). Table 3
demonstrates that all CT-derived parameters had equal
sensitivity in distinguishing between the non-severe and
progress-to-severe groups, as well as predicting clinical
outcomes. However, when it came to specificity, there
were notable differences. The consolidation volume
percentage yielded the highest specificity in
distinguishing between the two groups and predicting
clinical outcomes. Univariate analysis revealed that
consolidation volume percentage was the strongest
predictor of disease severity progression, followed by CT
severity score, GGO + consolidation volume percentage,
and GGO volume percentage (Table 4). These findings
were confirmed after multivariate regression adjustment,
indicating that consolidation volume percentage
remained the strongest predictor of disease severity
progression (Table 4).

Discussion

In the current study we tested the accuracy of Al-assisted
quantification in comparison to conventional CT
parameters reviewed by radiologists in predicting the
severity, progression, and clinical outcome of COVID-19
infection. The main finding of the current study
confirmed the value of Al assisted lesion quantification
for predicting progressionof disease severity. The

consolidation volume on initial chest CT was the
strongest predictor among all CT-derived parameters and
larger consolidation volume was associated with
unfavorable clinical outcome. Chest CT is regarded as a
crucial diagnostic tool in management of COVID-19
infection for the detection of pulmonary involvement and
serial monitoring of disease progression. In addition to
visual diagnosis, the most recent technological
advancements in the field of artificial intelligence permit
automatic lesion quantification using predetermined
attenuation thresholds.'® Improved COVID-19 risk
stratification is critical for cost-effective patient care
because it prompts safe hospital discharge of low-risk
patients and prolonged in-hospital and follow-up
surveillance of high-risk patients.!”!® Chest CT has been
intensively examined as a potential tool for COVID-19
diagnosis, with different recommendations ranging from
adopting CT as a first-line screening modality to
warnings against overuse and a false sense of security.
Our findings demonstrate that chest CT should be seen as
a risk stratification tool rather than a diagnostic tool in
and of itself. However, it is critical to recognize that chest
CT should not be seen as the single prognosticator in
COVID-19 patients, as other clinical and biochemical
variables have previously been linked to poor
outcomes.!”® The Al-based severity assessment is
uniform, reproducible, and standardized, but prognosis
scores and affected region percentages indicated by
radiologists can vary greatly. The disparity between the
number of radiologists and CT examinations is widening
daily.?! Several studies indicate that incorporating the Al-
based severity score into the daily practice of triaging
COVID-19 patients could significantly enhance clinical
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outcomes.?”?*  This Al-based quantification was

advantageous not only for disease diagnosis but also for
prognosis evaluation, according to the current findings.
Comparatively to conventional clinical characteristics,
the volume of consolidation on the initial chest CT was
the most accurate predictor of progression to severe
disease. Even though GGO is the most common finding
on chest CT, consolidation has been reported to be more
prevalent in severe and critical cases.?>?¢ Similar to other
forms of viral pneumonia, the underlying pathology of
consolidation in COVID-19 is the complete filling of
alveoli with inflammatory exudation.?” The ventilation
function is severely impaired when viral pneumonia is
present along with necrotizing bronchitis and diffuse
alveolar injury.”® Consequently, it is plausible that
patients with a larger area of consolidation on their initial
chest CT are more likely to develop severe or life-
threatening conditions. Another significant finding of the
current study was the superiority of Al-assisted
quantification over conventional CT severity scores in
predicting disease progression. The semi-quantitative CT
score was initially created to assess the severity of severe
acute respiratory syndrome?® However, this score does
not take different lesion components, such as
consolidation and GGO, into account. Li et al.?*
conducted a study in 2020 to assess Al-assisted
quantification on the initial chest CT for predicting
disease progression and clinical prognosis in COVID-19
patients. According to the findings of this study, the
predictive value of consolidation volume exceeded that
of GGO volume. In another study, Ren et al, used Al to
explore the features of CT imaging of 58 patients with
COVID-19. The AUC of the volume percentage of
pneumonia lesions for the whole lung for the diagnosis
of severe type COVID-19 was 0.740, with sensitivity and
specificity of 91.2% and 58.8%, respectively.’® Among
all imaging characteristics used in the evaluation of
clinical outcomes, consolidation volume showed the
highest diagnostic accuracy in predicting which patients
would continue to experience serious adverse events.
This was consistent with the findings of Li et al. >* and
Meiler et al.*! semi-quantitative chest CT investigations,
in which severe parenchymal involvement was
associated with a poor clinical outcome. Despite the
above-mentioned encouraging findings, the present study
has a number of limitations. First, radiomics analysis,
which facilitates the extraction of a large number of
quantitative features from medical images for diagnosis
and prognosis evaluation, was not utilized in the current
study. In addition, the present study's sample size was
inadequate to include additional clinical characteristics,>
and imaging features in multivariate analysis. To validate
the current findings, additional investigations involving
more patients are required.

In conclusion, the consolidation volume measured on the
initial chest CT was the most accurate predictor of
disease progression, and a larger consolidation volume
was associated with a poor clinical outcome. In patients

with COVID-19, Al-assisted lesion quantification was
useful for risk stratification and prognosis evaluation.
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