Chinese Journal of Academic Radiology (2021) 4:160-168
https://doi.org/10.1007/542058-021-00061-7

ORIGINAL ARTICLE q

Check for
updates

Quantitative analysis based on chest CT classifies common and severe
patients with coronavirus disease 2019 pneumonia in Wuhan, China

Chongtu Yang' - Guijuan Cao'3 - Fen Liu'3 - Jiacheng Liu'? - Songjiang Huang'? - Bin Xiong'?

Received: 5 January 2021 / Revised: 19 February 2021 / Accepted: 2 March 2021/ Published online: 8 April 2021
© The Author(s), under exclusive licence to Springer Nature Singapore Pte Ltd. 2021

Abstract

Objective This study aimed to compare quantifiable radiologic findings and their dynamic change throughout the clinical
course of common and severe coronavirus disease 2019 (COVID-19), and to provide valuable evidence for radiologic clas-
sification of the two types of this disease.

Methods 112 patients with laboratory-confirmed COVID-19 were retrospectively analyzed. Volumetric percentage of infec-
tion and density of the lung were measured by a computer-aided software. Clinical parameters were recorded to reflect
disease progression. Baseline data and dynamic change were compared between two groups and a decision-tree algorithm
was developed to determine the cut-off value for classification.

Results 93 patients were finally included and were divided into common group (n=76) and severe group (n=17) based on
current criteria. Compared with common patients, severe patients experienced shorter advanced stage, peak time and plateau,
but longer absorption stage. The dynamic change of volume and density coincided with the clinical course. The interquartile
range of volumetric percentage of the two groups were 1.0-7.2% and 11.4-31.2%, respectively. Baseline volumetric percent-
age of infection was significantly higher in severe group, and the cut-off value of it was 10.10%.

Conclusions Volumetric percentage between severe and common patients was significantly different. Because serial CT scans
are systemically performed in patients with COVID-19 pneumonia, this quantitative analysis can simultaneously provide
valuable information for physicians to evaluate their clinical course and classify common and severe patients accurately.

Keywords Coronavirus disease 2019 - Multidetector computed tomography - Artificial intelligence - Numerical analysis -
Computer-assisted - Decision trees

Abbreviations RT-PCR Reverse transcription polymerase chain
COVID-19 Coronavirus disease 2019 reaction
CAD Computer-aided diagnosis PACS Picture archiving and communication
SARS-CoV-2 Severe acute respiratory syndrome corona- systems

virus 2 SaCO, Oxygen saturation
IQR Interquartile range GGO Ground glass opacity
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Introduction

Since early December 2019, a cluster of pneumonia cases
of unknown aetiology has been reported in Wuhan China
[1-3], and the disease has spread rapidly to other province of
China. The pathogen was then named severe acute respira-
tory syndrome coronavirus 2 (SARS-CoV-2) by WHO and
the disease caused by it was termed the coronavirus disease
2019 (COVID-19) [4, 5].

Patients with COVID-19 pneumonia have a clinical spec-
trum ranging from mild to critically ill [6, 7]. Thus, early
classification and identification of patients who have high
risk of poor prognosis may help them benefit from more
aggressive treatment. Baseline data, including laboratory
tests, pulmonary function measures and computed tomog-
raphy (CT) findings, are helpful in classifying patients into
different types and thus predicting disease progression and
patients’ prognosis. Until now, several clinical parameters
have been applied to define the severity of COVID-19 pneu-
monia [8], but accurate radiological assessment and classifi-
cation criteria remain elusive due to individual physiological
variability and the semiquantitative nature of CT which may
be evaluated inconsistently between radiologists.

Computer-aided diagnosis (CAD) refers to image analysis
tools developed to assist image reading. By automatically
detecting and quantifying abnormalities on CT, it can objec-
tively provide an accurate and reproducible evaluation of
disease [9, 10]. We designed this retrospective study aiming
to: (1) access the accuracy of quantifiable radiologic findings
in reflecting the clinical course of patients with common
and severe COVID-19 pneumonia and (2) provide valuable
evidence for clinical and radiologic classification of the two
types of this disease by developing a decision-tree algorithm.

Materials and methods
Study design

This observational study was conducted at Wuhan Central
Hospital and Wuhan Union Hospital, both of which were
assigned by the government to treat COVID-19 patients. The
study protocol was complied with the principles of the Dec-
laration of Helsinki and was approved by the institutional
review board of both centers. Informed consent was waived,
because the data were anonymous.

Patients and data collection

Between January 2020 and February 2020, all consecutive
patients with confirmed diagnosis of COVID-19 pneumonia

admitted to Wuhan Central Hospital and underwent serial
chest CT scans were screened for participation in the study.
Exclusion criteria were: (1) patients received less than three
times of chest CT scans during hospitalization; (2) abnor-
malities were not found on CT; (3) pneumothorax or other
lung diseases which made volume unable to be measured
accurately; and (4) acute severe co-existing diseases, includ-
ing infection and acute coronary syndrome. SARS-CoV-2
infection was diagnosed at admission or during hospitaliza-
tion with the reverse transcription polymerase chain reac-
tion (RT-PCR) or gene sequencing. Details of laboratory
confirmation processes have been described previously [11].

Data were gathered from electronic medical records in
the context of standard practice. Information regarding epi-
demiological characteristics, clinical symptoms and signs,
co-existing disease, laboratory parameters, chest CT scans,
treatment and outcomes were recorded with data collection
form from admission to discharge. The date of disease onset
was defined as the date typical symptoms occurred. Oxygen
saturation (SaO,) was monitored by fingertip oximeter daily
and nightly or by blood gas analysis (BGA), and was used as
a main parameter to reflect patient’s conditions. Data were
censored at the end of the study.

Patients without exclusion criteria were divided into two
groups (the common group and the severe group) according
to the latest guideline of Diagnosis and Treatment of Pneu-
monitis Caused by 2019-nCoV (trial sixth version), which
classified patients into four types: mild, common, severe
and critically ill. Common type was defined as patients
with fever, respiratory symptoms and radiological features
of pneumonia, while type of severe was diagnosed if patients
met one of the following criteria at admission: (1) severe
respiratory distress (respiratory rate [RR] > 30 breaths/
min); (2) oxygenation index (PaO,/FiO,) <300 mmHg
(1 mmHg=0.133 kPa); and (3) Sa0,<93% at rest. Iden-
tification of patients’ type was achieved by analyzing clini-
cal parameters at admission and reviewing medical logs.
Patients who were diagnosed as common at admission but
met one of the above criteria during hospitalization, were
defined as common to severe, and their CT data before turn-
ing into severe were classified into common group, while
data after that were classified into severe group.

Chest CT protocol and volumetric quantification

Ninety-three patients underwent a total of 371 chest CT
scans during hospitalization, with an average of 3.99 times
for each patient. The interval between the disease onset and
the first CT scan was 4.0 days (IQR 2.0-7.5), and the inter-
val between two serial scans was 6.0 days (IQR 5.0-8.0).
Chest CT scans were performed during inspiration in
the supine position using one of the following MDCT scan-
ners (Philips Brilliance Corel28; Siemens Healthineers,
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Germany; United Imaging, China). All CT scans were
non-contrast with the following parameters: collimation,
64 x0.6 mm; tube voltage, 120 kV, with automatic tube
current modulation. Images were reconstructed with a slice
thickness of 0.625 or 1.250 mm and were transferred to the
workstation to receive further reconstruction.

Two investigators searched for patients’ CT images from
the picture archiving and communication systems (PACS)
and used the software “Pneumonia Doc (Version 1.17.0,
ShuKun Technology)” to perform quantitative assessment.
“Pneumonia Doc” uses a deep learning algorithm based on
3d U-NET neural networks and is specially developed to
help radiologists detect and evaluate COVID-19 pneumonia.
Data measurement mainly included three steps: segmenta-
tion, classification and quantification. First, lung paren-
chyma was automatically segmented into five regions (left
upper, left lower, right upper, right middle and right lower
lobe). Then the density was measured and slice images were
classified into seven types of tissues automatically: back-
ground, lung field, effusion, ground-glass opacity (GGO),
pulmonary fibrosis, interstitial thickening and consolidation.
Afterwards, two types of lung tissues were identified based
on their characteristics (including GGO and consolidation):
infected lesions and normal area (Fig. 1). Two researchers
checked the segmentation and classification process, who
were blinded to the clinical data. If discrepancy existed,
three experienced radiologists discussed it and made the
final decision. Volumes of both tissues in each lobe were
calculated and expressed in milliliters, and total volume was

the volumetric sum of each lobe. Percentage of infection of
each lobe was defined as the ratio of abnormal volume of
each lobe divided by corresponding lobe volume, with total
percentage of infection defined as the sum of percentage of
infection of each lobe. Besides, density of each lobe and the
whole lung was measured and was divided into seven ranges
based on their Hounsfield unit (Hu). Volume and density
data based on the first and follow-up CT of each patient were
recorded for dynamic change analysis.

Statistical analysis

Quantitative variables were expressed as means and stand-
ard deviation (SD) or median and interquartile range (IQR),
and compared using Student’s ¢ test or Mann—Whitney test.
Qualitative variables were presented as frequencies and per-
centages, and compared by means of X2 test or two-tailed
Fisher’s exact test. Linear regression analyses were used
to evaluate the correlation between quantitative lesion size
and clinical parameters (SaO,, leucocyte count, neutrophil
count, lymphocyte count and C-reactive protein). To provide
accurate and facilitate implementation for radiologic clas-
sification, we used a decision-tree algorithm to test whether
a specific volumetric percentage could classify COVID-19
patients into common or severe group defined by current
criteria. A P value of less than 0.05 was considered statisti-
cally significant. Statistical analyses were processed using
IBM SPSS (version 25.0) and GraphPad Prism (version 9.0)
was used to draw pictures.

Fig. 1 Identification of abnormalities by the CAD software. a—f Images from the same person at two time-points. a, d Original images; b, e auto-
matically identified and colored; ¢, f three-dimensional reconstruction with each lobe has its color and orange represents lesions
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Results
Study population

A total of 112 patients with laboratory-confirmed COVID-19
admitted to our center from January 4 to February 17 were
retrospectively analyzed. Among them, patients with less
than three CT scans (n=4), without any abnormalities on
CT (n=10) and with acute coronary syndrome (n=1) were
excluded. Besides, 4 patients had no records of SaO, and
clinical classifications at admission and were also excluded.
The final analysis included 93 patients with a median age of
57.0 (IQR, 39.0-67.0), of whom 76 (82%) were defined as
common and 17 (18%) were severe. Among the 17 severe
patients, 16 of them had a SaO, lower than 93%, 5 had an
oxygenation index lower than 300 mmHg. Table 1 summa-
rizes the baseline characteristics of the study population.

Volumetric analysis and dynamic change

To investigate whether quantitative analysis based on
radiological findings of both common and severe patients

Table 1 Clinical characteristic of the study population

coincided with their clinical course and with previous stud-
ies, the dynamic change of volumetric percentage of infec-
tion and density of the lung based on follow-up CT were
analyzed in all patients (Fig. 2a). Both two groups experi-
enced four stages: advanced stage, peak time (from disease
onset to the peak of total percentage of infection), plateau
and absorption stage. Compared with the common group,
the peak time in severe group was earlier (approximately
12-9 days, respectively), and the plateau stage was shorter.
The median total percentage of infection of all follow-up
CT scans were 3.1% (IQR, 1.0-7.2%) in common group and
19.4% (IQR, 11.4-31.2%) in severe group.

Eleven patients (14.5%) in the common group progressed
from common at admission to severe during hospitalization,
and their dynamic change of percentage of infection was also
analyzed (Fig. 2b). The mean time from admission to reach-
ing to severe degree was 13.6 days (6-22 days). In 8 patients
(73%), the interval between clinical diagnosis of severe and
severe degree on CT (volumetric percentage reached to the
lower limit of interquartile range of the severe group) was
within 3 days. Among the 11 patients, 9 discharged and 2
patients were finally died despite using extracorporeal mem-
brane oxygenation (ECMO).

All patients Common Severe
(n=93) (n=76) (n=17)

Age

Median (IQR)-y 57.0 (39.0-67.0) 53.0 (35.0-63.0) 68.0 (56.0-72.0)

<50 no. (%) 35(37.6) 35 (46%) 0(0)

>50 no. (%) 58 (62.4) 41 (54%) 17 (100)

Male sex no. (%) 48 (51.6) 40 (52.6) 8 (47.0)
Symptoms at admission no. (%)

Fever 74 (79.6) 61 (80.2) 13 (76.4)

Cough 58 (62.4) 43 (56.5) 15 (88.2)

Sputum 32 (34.4) 24 (31.6) 8 (47.0)

Dyspnea 39 (41.9) 28 (36.8) 11 (64.7)
Co-existing disease no. (%)

COPD 2(2.1) 1(1.3) 1(5.9)

Diabetes 11 (11.8) 4(5.2) 7(41.2)

Hypertension 19 (20.4) 13 (17.1) 6(35.3)

Coronary heart disease 6(6.4) 5(6.5) 1(5.9)

Cerebrovascular disease 1(1.0) 0(0.0) 1(5.9)

Time between disease onset and the first CT scan (median, IQR) 4.0 (2.0-7.5) 3.0 (1.0-6.0) 7.0 (6.0-9.0)

(days)

Mean number of CT scans 3.98 4.02 3.82

Time between the two CT scans (median, IQR) (days) 6.0 (5.0-8.0) 6.0 (5.0-8.0) 6.0 (5.0-9.0)
Clinical outcome no. (%)

Discharge 89 (95.7) 74 (97.4) 15 (88.2)

Death 4. (4.3) 2(2.6) 2(11.8)

IQR interquartile range, COPD chronic obstructive pulmonary disease
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Fig.2 Timeline of the percent-
age of total infection. Figure la
compares the dynamic change
between severe group and com-
mon group. Figure 1b illustrates
the percentage of total infection
in patients diagnosed as com-
mon but aggravated to severe
during hospitalization
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Baseline quantitative data analysis

Baseline total percentage of infection was significantly lower
in the common group than in severe group (2.76 versus
32.18%, P <0.001). In the common group, the right lower
lobe and left lower lobe were the most frequently involved
segments, as 18 (27.7%) and 30 (46.2%) patients’ main
infected lesions located in these two lobes. But in severe
group, the most common involved segments were the right
lower lobe and right upper lobe, with the infection extent of
10.0% (IQR 0-16.5%) and 4% (IQR 0-19.0%), respectively.
Table 2 demonstrates the baseline volumetric quantification
for total lung and for each lobe. Furthermore, Pearson analy-
sis showed slight correlation between total lesion size and
the level of neutrophils (r=0.351, P=0.04). However, total
lesion size was not correlated with other clinical parameters.

Decision-tree algorithm for classification

The decision-tree algorithm was developed to determine
the cut-off value of common and severe degree. The clas-
sifier included was total percentage of infection. Terminal
nodes represent the number of patients in each group, and
branches represent the cut-off value (Fig. 3a). The cut-off
value calculated by the decision-tree was 10.10%, which
means patients with total percentage of infection lower than

.I
28 32 36 4 8 12 186

T T T
20 24 28 32 36

Days after disease onset

10.10% at admission will be defined as common, otherwise
will be defined as severe (Fig. 3b). The sensitivity and speci-
ficity of the decision-tree algorithm were 94.7 and 97.3%,
respectively.

Discussion

Since the outbreak of COVID-19 pneumonia, a large amount
of studies have evaluated the feasibility and effectiveness of
chest CT scans applied for patients with COVID-19 pneu-
monia. Most of these studies focused on the radiological
features of this novel disease [12—17], and the data are sparse
with regard to the quantitative CT analysis. Several studies
investigated the association between quantitative CT data
and adverse clinical outcomes [18-20], but few related the
dynamic change of these data with patients’ clinical course.
In our study, we compared and quantitatively analyzed the
common and severe patients with COVID-19 pneumonia.
Our results showed that quantitative analysis based on CT
was coincided with the clinical course. The interquartile
range of total percentage of infection was 11.4-31.2% and
1.0-7.2%, respectively. The cut-off value of volumetric per-
centage of the severe and common degree was 10.10%.
The dynamic change of COVID-19 pneumonia in our
study was similar to two recent studies, in which reported

Table 2 Compared baseline

. . . Volume measurement Common (n=76) Severe (n=17) P value*

radiological data in common

versus severe Frequency® (%) Volume (%)  Frequency® (%) Volume (%)
Total lung NA 1.5(0.2-54) NA 33.0 (22.5-37.0) <0.001
Left upper lobe 15.4 0(0-0.4) 5.8 2.0 (0-14.5) 0.003
Left lower lobe 27.7 0.2 (0-0.6) 17.6 1.0 (0-15.0) 0.008
Right upper lobe 9.2 0(0-0.3) 354 4 (0-19.0) 0.01
Right middle lobe 1.5 0(0-0.1) 0.0 0 (0-0) 0.79
Right lower lobe 46.2 0.2 (0-1.5) 41.2 10.0 (0-16.5) 0.006

NA not applicable

“Frequency is calculated as the number of lobes including the main lesion at admission divided by the
number of patients (76 in non-severe group and 17 in severe group)

*Nonparametric continuous variables were compared through Mann—Whitney U test for independent sam-
ples. P <0.05 was considered statistically significant
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Fig.3 Decision-tree algorithm and scatter plot of baseline volumet-
ric percentage of infection. Figure 2a demonstrates the decision-tree
algorithm developed to classify COVID-19 pneumonia patients into
common or severe group. Figure 2b compared baseline volumetric

that the extent of abnormalities on CT increased in the first
week and reached to peak at approximately 10-14 days,
then the lesions were gradually decreased [16, 17]. In our
study, both volumetric percentage and density increased at
advanced stage, representing virus spread through bronchi-
oles and alveolus to adjacent parenchyma causing infection,

Fig.4 Serial chest CT scans from a 51-year-old woman diagnosed as
severe at admission. a Day 1 after disease onset: focal ground-glass
opacities affected the left and right lower lobe. SaO, 99%. b Day 5:
the main lesion located at the right lower lobe aggravated rapidly,
with both extent and density increased. Sa02 99%. ¢ Day 9: enlarged
area of infection with bilateral, multifocal ground-glass opacities
and consolidations. SaO, decreased to 80% and patient was diag-

P<0.001

354 Hgm®

Percentage volume
at admission (%)

Common Severe

percentage between common and severe patients. The dotted line in
black in Fig. 2b represents the cut-off value calculated by decision-
tree. PPV positive predictive value; NPV negative predictive value

and consolidation replaced GGO, respectively. The peak
time was earlier and the plateau was shorter in severe group.
In the final stage, decreasing density meant that consoli-
dation was absorbed and part of the consolidation turned
into GGO (Fig. 4). However, different from the two previ-
ous studies, we divided COVID-19 pneumonia patients into
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nosed as severe. d Day 17: consolidations were absorbed and par-
tially dissipated into ground-glass opacities. SaO, returned to normal
level (98%) and patient’s symptoms significantly relieved. e Day 26:
infected areas continued to be absorbed, leaving extensive ground-
glass opacities. Patient discharged 2 days later. f Timeline demon-
strates the dynamic change of volumetric percentage and density of
this patient
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common and severe group based on current clinical criteria,
and analyzed and compared quantifiable radiological data
between the two groups, which made our data more accurate
and reproducible.

During the absorption period, we noticed that while the
density of infected regions decreased gradually, the total
percentage of infection in some patients did not reduce or
even continued to increase (especially in severe patients),
but their symptoms relieved and SaO, recovered to normal
level (Fig. 5). This discrepancy may be explained as during
the absorption of the main lesion, it dissipated into exten-
sive range of GGO and caused expansion of infected region,
which were identified by the software as new lesions. Thus,
it indicates that severe patients may have longer absorption
period and at this stage, density may play a more important
role than volume in reflecting clinical course. These cases
underline the necessity to analyze both infected volume and
density (especially the main lesion), new and old lesions
comprehensively.

In our study, the dynamic change of volumetric percent-
age and density was consistent with the clinical course of
COVID-19 pneumonia. Patients who recovered and dis-
charged from hospital had decreased volumetric percent-
age and density. Among those patients who aggravated
from common to severe by clinical criteria, all of them also
reached to the interquartile range of the severe degree, and
the interval between diagnosis of severe by clinical param-
eters and by volumetric analysis was within 3 days in 73%

patients. This consistency might be interpreted as the alve-
olar consolidation caused by inflammation, which directly
affected the normal ventilation/perfusion (V/Q) homeostasis
and thus compromised patients’ pulmonary function, and
this abnormality could be sensitively detected by chest CT.
Thus, quantitative analysis of volume and density based on
CT is correlated with respiratory function and can accurately
reflect patients’ clinical course [21].

Common patients had a relatively mild clinical course
and better outcomes. However, most severe cases required
mechanical ventilation and had a high risk of mortality. To
make early classification of patients with COVID-19 pneu-
monia and tailor treatment according to patient’s risk, we
analyzed the baseline data of the two groups. Compared with
common patients, severe patients were older and were more
likely to have co-existing diseases, which was coincided with
previous studies suggesting age and comorbidity might be
risk factors for poor outcomes [6, 11]. In addition, compro-
mised lung function at admission was also associated with
poor prognosis as reported, and severe patients were more
likely to experience acute respiratory distress syndrome
(ARDS) [6, 7]. In our study, patients in severe group had a
significantly higher total percentage of infection at the time
of admission. Therefore, we hypothesized that higher volu-
metric percentage of infection at admission was associated
with ARDS and was a risk factor for poor prognosis. To tes-
tify our hypothesis and provide practical implementation on
clinical and radiologic classification, we used a decision-tree

Fig.5 Two cases in which volumetric percentage was inconsistency
with density at absorption stage. a—d A 53-year-old man who was
diagnosed as common to severe. Volumetric percentage reached to
peak at day 20 and then absorbed. Although extent of infection did
not decrease, but density decreased representing lesions were dis-
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algorithm to determine the cut-off value of volumetric per-
centage of the common and severe degree. Although only
one variable was used as a classifier, both sensitivity and
specificity were within acceptable ranges, suggesting that
this variable is efficient in classification.

This study has some limitations that should be consid-
ered. First, mild and critically ill patients were not included
in our study. But given that mild patients had relatively bet-
ter outcomes and critically ill patients often progressed to
multiple organ failure, we believed chest CT had a low value
in predicting prognosis in this subgroup of patients. Second,
different radiological features (e.g., ground-glass opacities,
reticulation, consolidation) were observed at different stage
of clinical course, so our research could be further improved
by analyzing and quantifying these specific features. Third,
only seventeen patients were defined as severe in our cohort,
which limited the ability to draw meaningful conclusions
relative to the general population. Thus, further large-scale
studies are needed to improve and validate the efficiency of
the decision-tree in accurate classification.

In conclusion, patients with COVID-19 pneumonia diag-
nosed as the severe type by clinical parameters had signifi-
cantly higher range of volumetric percentage of infection
compared with common patients, and a cut-off value of volu-
metric percentage of 10.10% can accurately classify com-
mon and severe patients. Our research confirms the accuracy
and utility of quantitative CT assessment on the diagnosis of
COVID-19 pneumonia and provides a platform for further
studies to complete the classification criteria for this novel
disease.
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