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Background: The study is designed to explore the chest CT features of different clinical types of 
coronavirus disease 2019 (COVID-19) pneumonia based on a Chinese multicenter dataset using an artificial 
intelligence (AI) system.
Methods: A total of 164 patients confirmed COVID-19 were retrospectively enrolled from 6 hospitals. All 
patients were divided into the mild type (136 cases) and the severe type (28 cases) according to their clinical 
manifestations. The total CT severity score and quantitative CT features were calculated by AI pneumonia 
detection and evaluation system with correction by radiologists. The clinical and CT imaging features of 
different types were analyzed.
Results: It was observed that patients in the severe type group were older than the mild type group. 
Round lesions, Fan-shaped lesions, crazy-paving pattern, fibrosis, “white lung”, pleural thickening, pleural 
indentation, mediastinal lymphadenectasis were more common in the CT images of severe patients than in 
the mild ones. A higher total lung severity score and scores of each lobe were observed in the severe group, 
with higher scores in bilateral lower lobes of both groups. Further analysis showed that the volume and 
number of pneumonia lesions and consolidation lesions in overall lung were higher in the severe group, and 
showed a wider distribution in the lower lobes of bilateral lung in both groups.
Conclusions: Chest CT of patients with severe COVID-19 pneumonia showed more consolidative 
and progressive lesions. With the assistance of AI, CT could evaluate the clinical severity of COVID-19 
pneumonia more precisely and help the early diagnosis and surveillance of the patients.
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Introduction

The ongoing coronavirus disease 2019 (COVID-19) have 
had a profound global and individual burden (1). Since the 
detection of the coronavirus in late December 2019, the 
COVID-19 continued to erupt in over 213 countries, areas, 
and territories at the time of writing. 

Similar to other coronaviral pneumonia such as severe 
acute respiratory syndrome caused by Severe Acute 
Respiratory Syndrome Coronavirus (SARS-CoV) and the 
Middle East Respiratory Syndrome Coronavirus (MERS-
CoV), COVID-19 can also cause fever, cough, and shortness 
of breath at the time of onset and lead to acute respiratory 
distress syndrome (ARDS) (2). On admission, most cases of 
COVID-19 were classified as mild (81%). However, 14% 
were severe, and 5% were critical (3). For mild patients, 
general isolation and symptomatic treatment were available, 
and ICU-care was needed if the condition worsens rapidly, 
such to reduce the mortality and alleviate the shortage of 
medical resources. And severely-ill patients progressed 
rapidly to acute respiratory failure, acute respiratory distress 
syndrome, metabolic acidosis, coagulopathy, and septic 
shock (2). The overall case-fatality rate (CFR) was estimated 
to be 2.3–3.06%, but the CFR was up to 49.0% among 
critical cases (3). And severe pneumonia was independently 
associated with either the admission to intensive care unit, 
mechanical ventilation, or death (2). Therefore, early 
identification of risk factors for severe illness facilitated 
appropriate supportive care and prompt access to ICU if 
necessary, and the data on the clinical characteristics and 
CT findings of severely-ill patients with SARS-CoV-2 
infection are scarce, but are of paramount importance to 
reduce mortality. 

Previous studies have only described the general CT 
findings of patients of COVID-19 (4-6). In this article, 
we summarized qualitative and quantitative CT features 
of patients with different severity of COVID-19 based on 
a Chinese multicenter dataset, aiming to provide clinical 
value of early diagnosis and evaluation of its severity. It is 
worth mentioning that the quantitative CT features were 
performed by an artificial intelligence (AI) pneumonia 
detection and evaluation system and then adjusted by 
multiple junior radiologists, which made them relatively 
more accurate than gross visual evaluation.

We present the following article in accordance with the 
STROBE reporting checklist (available at http://dx.doi.

org/10.21037/jtd-20-1584).

Methods

This study was approved by the Ethics of Committees of 
Southwest Hospital (No. KY2020036). Informed consent 
for this retrospective study was waived. The anonymous 
data was collected and analyzed. The study was conducted 
in accordance with the Declaration of Helsinki (as revised 
in 2013) (7).

Patients and chest CT

From January 28, 2020, until February 24, 2020, adult 
patients admitted to six hospitals of Chongqing in China 
with confirmed COVID-19 and who underwent chest 
CT were enrolled in our study. Real-time fluorescence 
polymerase chain reaction of nasopharyngeal swab or 
sputum samples methods were positive for the COVID-19 
twice. In addition to age and sex, clinical information 
collected included severity.

All scans were performed without intravenous contrast 
with the patient in the supine position during end-
inspiration. And at least one chest CT was performed at 
the onset of the disease. Only the initial chest CTs were 
evaluated; if a patient had a follow-up CT during the 
study time window, it was not analyzed for this study. All 
the patients were divided into two types according to the 
clinical symptom (8). Mild type: Patients with symptoms 
of fever, respiratory symptom, etc. and imaging findings 
of pneumonia. Severe type: Patients who meet any of 
the following criteria: (I) respiratory distress, respiratory 
rate ≥30/min; (II) oxygen saturation at rest ≤93%; (III) 
PaO2/FiO2 ≤300 mmHg (1 mmHg =0.133 kPa). Patients 
who meet any of the following criteria were excluded: (I) 
respiratory failure and mechanical ventilation are required; 
(II) shock; (III) multiple organ failure except lung, and 
intensive care unit is required.

CT review and analysis

All CT images were reviewed by two radiologists who 
had approximately 4 and 5 years of experience in thoracic 
radiology, respectively. Imaging was reviewed independently 
and final decisions reached by consensus. For disagreement 
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between the two primary radiologist interpretations, a third 
fellowship-trained cardiothoracic radiologist with 25 years 
of experience adjudicated a final decision. No negative 
control cases were examined and no blinding occurred.

The major qualitative CT demonstrations were described 
using internationally standard nomenclature defined by the 
Fleischner Society glossary and peer-reviewed literature on 
viral pneumonia, using terms including ground glass opacity 
(GGO), crazy-paving pattern, and consolidation (9,10). 

A semi-automatic AI pneumonia detection and evaluation 
system was used to extract CT features and quantitatively 
estimate the pulmonary involvement of these abnormalities. 
The system used in our experiment to detect and segment 
lung abnormalities was built according to the pre-trained 
deep learning models in our previous study (10-12). The 

detection and evaluation process of this system was divided 
into five steps. (I) Lesion detection, an MVP-Net (Multi-
View FPN with Position-aware attention) which was 
trained on the NIH DeepLesion dataset and achieved state-
of-the-art performance was used to realize the detection 
of lung abnormalities (11). The result of detection mainly 
included two patterns: consolidation and ground glass 
opacity. (II) Automatic lesion segmentation, a 2D U-Net 
model trained on a local dataset of about 8,000 lung CT 
images was used to segment detected lesions (12). (III) 
Manual correction, the automatic segmentation results of 
lesions were firstly adjusted by multiple junior radiologists, 
then a senior radiologist reviewing the segmentation results 
of AI system and junior radiologists to provide the final 
contours of inflammatory lesions (Figure 1). (IV) Lesion 

Figure 1 The comparison of lesion contours from automatic segmentation and manual correction. (A) The original CT image; (B) automatic 
segmentation results of lesions by AI pneumonia detection system (red outline); (C) the results of manual correction by radiologists (green 
outline). Besides, some examples of different performances are selected for comparison, from top to bottom are good case, common case and 
bad case respectively.
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localization, pulmonary lobes were segmented by a pre-
trained lobe segmentation model and intersected with the 
final segmentation contours of lung abnormalities to achieve 
the localization of lesions in each lobe (13). (V) Pneumonia 
assessment, the lesion and lobe information were extracted 
to realize quantitative analysis of pneumonia. Furthermore, 
a lung severity score was used to quantitatively estimate the 
pulmonary involvement of all these abnormalities based on 
the area involved (4). Each of the 5 lung lobes was scored, 
from 0 to 4 as: 0, no involvement; 1, 1–25% involvement; 
2, 26–50% involvement; 3, 51–75% involvement; 4, 
76–100% involvement. The overall lung “total severity 
score” was the sum of the 5 lobe scores and ranged from 
0 (no involvement) to 20 (maximum involvement). In this 
experiment, we also calculated the distribution of these 
quantitative analysis results and lung severity score of 
patients with different clinical types.

Statistical methods

Statistical analyses were performed using IBM SPSS 
Statistics Software (version 24; IBM, New York, USA). 
Quantitative data were presented as mean ± standard 
deviation (minimum-maximum) and the counting data 
were presented as the percentage of the total unless 
otherwise specified. Quantitative data were compared 
using the t test or Mann Whitney U test, according to the 
normal distribution assessed by the Shapiro-Wilk test. 
The comparisons of the counting data of clinical and CT 
features were evaluated using chi-square test or Fisher’s 

exact test. A P value of <0.05 was defined as statistical 
significance.

Results

Clinical manifestations of COVID-19 patients with 
different clinical types

This study included 164 patients diagnosed as COVID-19, 
of which 136 were with mild type (82.9%) and 28 were with 
severe type (17.1%). Patients in the severe type group were 
with higher age than patients in the mild type (median age, 
58 vs. 46, P<0.001). There was a higher proportion of males 
in both groups (51.5%, 71.5%), and most of the patients 
in this series were with fever (63.9%, 78.5%) and cough 
(67.64%, 75.0%) as the main clinical manifestations. There 
was a marked and significant increase in the C-Reactive 
Protein (CRP) in the severe type group (P<0.001). 
However, there were no significant differences in white 
blood cell count, neutrophils count and lymphocyte count 
between the two groups (Table 1). 

Distribution of lung abnormalities in COVID-19 patients 
with different clinical types

Overall, common features of this series were found on 
the chest CT images of all the patients: 139 (84.7%) were 
with bilateral disease, 147 (89.6%) with multiple lesions, 
156 (95.1%) with lesions located in the subpleural area, 
117 (71.3%) with ground-glass opacities and consolidative 

Table 1 Clinical manifestations of COVID-19 patients with different clinical type

Variable Mild type (n=136) Severe type (n=28) P

Age (years) 46 (37 to 51) 58 (50 to 71) <0.001a

Gender, n (%) 0.084b

Male 70 (51.5) 20 (71.5)

Female 66 (48.5) 8 (28.5)

Fever, n (%) 87 (63.9) 22 (78.5) 0.22b

Cough, n (%) 92 (67.64) 21 (75.0) 0.58b

White blood cell count (×109/L) 5.1 (4.0 to 6.5) 5.6 (4.2 to 7.7) 0.273a

Neutrophil count (×109/L) 3.4 (2.5 to 4.8) 4.5 (2.9 to 6.5) 0.066a

Lymphocyte count (×109/L) 1.58±4.31 1.14±0.49 0.596c

C-reactive protein (CRP) (mg/L) 22.64±25.38 111.43±76.59 <0.001c

a, Mann Whitney U test; b, chi-square test; c, t-test. Data are presented as n (%), mean ± SD or median (25th to 75th percentile). COVID-19, 
coronavirus disease 2019. 
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pulmonary opacities. Meanwhile, bronchial wall thickening 
(52, 31.7%), fibrosis (78, 47.5%) and the vascular 
enlargement, (69, 42.1%) were found in nearly half of the 
patients. The crazy-paving pattern (42, 25.6%) and “white 
lung” (6, 3.6%) were rare, and mostly had no emphysema 
without chronic bronchitis (148, 90.2%), chronic bronchitis 
(144, 87.8%), pleural traction (137, 83.5%) and mediastinal 
lymph node enlargement (116, 70.7%). 

The distribution of lung abnormalities between different 
clinical types was detailed in Table 2. Significant differences 
were observed between patients with mild type and severe 
type in some qualitative CT features. Fan-shaped lesions 
(17, 60.7%), air bronchogram (22, 78.5%), interlobular 
septal thickening (23, 82.1%), crazy-paving pattern (13, 
46.4%), fibrosis (19, 67.8%), “white lung” (4, 14.2%), 
pleural effusion (4, 14.2%), pleural thickening (19, 67.8%), 
mediastinal lymphadenectasis (16, 57.1%) were more 

common in the patients with severe type than in mild type 
(Figures 2,3). 

The severity scores of COVID-19 patients with different 
clinical types 

The severity scores of different clinical types were detailed 
in Table 3. Mann-Whitney U test showed significant 
difference between the mild type versus the severe type 
for the total lung severity score (P<0.0001, Figure 4), and 
t-test showed significant difference in severity score in 
each lobe (P=0.0003, <0.0001, 0.0002, <0.0001 and 0.0001, 
respectively). Besides, for both the two types, the severity 
score was significantly different between the left upper lobe 
versus the left lower lobe, the right upper lobe versus the 
right lower lobe, and the right middle lobe versus the right 
lower lobe (P<0.0001 for the mild type; 0.0007, 0.0048 and 

Table 2 Distribution of lung abnormalities in COVID-19 patients with different clinical types

Lung abnormalities Mild type (n=136), n (%) Severe type (n=28), n (%) P valuea

Multiple lesions 120 (88.2) 27 (96.4) 0.195

Bilateral lung involvement 112 (82.3) 27 (96.4) 0.059

Peripheral distribution 128 (94.1) 28 (100.0) 0.188

Consolidation with GGO 93 (68.3) 24 (85.7) 0.593

Round 71 (52.2) 7 (25.0) 0.009

Fan-shaped 40 (29.4) 17 (60.7) 0.002

Air bronchogram 61 (44.8) 22 (78.5) 0.001

Bronchus thickening 36 (26.4) 16 (42.8) 0.083

Dilatation of vessels in the lesions 55 (40.4) 14 (50.0) 0.167

Interlobular septal thickening 61 (44.8) 23 (82.1) 0.001

crazy-paving pattern 19 (13.9) 13 (46.4) 0.001

Fibrosis 59 (43.3) 19 (67.8) 0.018

“White lung” 2 (1.4) 4 (14.2) 0.001

Pleural thickening 53 (38.9) 19 (67.8) 0.005

Pleural effusion 6 (4.1) 4 (14.2) 0.047

Mediastinal lymphadenectasis 32 (23.5) 16 (57.1) 0.001

Emphysema without chronic bronchitis 13 (9.5) 3 (10.7) 0.851

With chronic bronchitis 14 (10.2) 6 (21.4) 0.101
a, chi-square test. COVID-19, coronavirus disease 2019; GGO, ground glass opacities. 
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Figure 2 Examples of chest CT findings in patients with mild coronavirus disease 2019 pneumonia. (A) Male, 20 years old with fever and 
cough for 3 days. Axial chest CT shows subpleural consolidative opacities with a ring of ground glass opacities (GGO) in the lower lobe of 
bilateral lung. (B) Male, 30 years old, with fever and cough for 4 days. Axial chest CT shows bilateral areas of peripheral GGO with minimal 
consolidation and interlobular septal thickening. (C) Female, 56 years old, presenting with fever and cough for 1 week. Axial chest CT shows 
a “crazy‐paving” pattern as manifested by bilateral lower lobe consolidative opacification with some ground‐glass opacities, interlobular 
septal thickening and intralobular lines.

Figure 3 Examples of chest CT findings in patients with severe coronavirus disease 2019 pneumonia. (A) Male, 53 years old with fever 
and cough for 5 days. Axial chest CT shows bilateral subpleural opacities including GGO, consolidative opacities with a ring of GGO and 
consolidative opacification. (B) Male, 52 years old, with fever and cough for 6 days. Axial chest CT shows extensive ground-glass opacities in 
both lungs, involving almost the entire right lung, and most of the left lung, with air bronchograms. (C) Male, 56 years old, presenting with 
fever and cough for 1 week. Axial chest CT shows extensive consolidative opacities in both lungs, involving almost the entire bilateral lung, 
giving a white lung appearance.
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0.0249 for the severe type respectively).

Quantitative CT features of main patterns in different 
clinical types

The details of quantitative CT features of main patterns 
were shown in Table 4. For the comparison between the two 
clinical types, some features showed significant difference: 
volume of pneumonia lesions (P<0.0001), volume of 
consolidation (P<0.0001), number of consolidation 
(P=0.0155), volume of GGO (P=0.0304), number of lobes 
affected (P=0.0133), volume ratio of pneumonia lesions for 
each lobe (all P<0.0001) the total ratio (P<0.0001), volume 
ratio of consolidation for each lobe (P=0.0002, <0.0001, 

<0.0001, 0.0002, <0.0001) the total ratio (P<0.0001) and the 
total volume ratio of GGO (P=0.0298). 

Besides, there were some features showing significant 
difference when compared among different locations: 
volume ratio of pneumonia lesions between the left upper 
lobe versus the left lower lobe for both the two types 
(P<0.0001 both), the right upper lobe versus the right 
lower lobe (P<0.0001 and P=0.0027) and the right middle 
lobe versus the right lower lobe (P<0.0001 and P=0.0169); 
volume ratio of consolidation between the left upper lobe 
versus the left lower lobe for both the two types (P<0.0001 
and P=0.0006), the right upper lobe versus the right lower 
lobe (P<0.0001 and P=0.0027) and the right middle lobe 
versus the right lower lobe (P<0.0001 and P=0.0021); 
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volume ratio of GGO between left upper lobe versus the 
left lower lobe for the mild type (P<0.0001), the right upper 
lobe versus the right lower lobe for the mild type (P<0.0001), 
and the right upper lobe versus the right middle lobe for 
both the two types (P=0.0190 and P=0.0405).

Discussion

In this study, 164 patients were diagnosed as COVID-19 

with 136 of mild type (82.9%) and 28 of severe type (17.1%), 
the proportions of which were consistent with the previous 
study (81% of confirmed cases were mild while 14% were 
severe) (3). However, patients in the severe type group 
were older than in the mild type group(median age, 58 vs. 
46 years), and previous study has also found similar age 
distribution (severe pneumonia vs. mild pneumonia: 58 vs. 
45) (2). It may be attributed to the low immune function 
and is vulnerable to the virulence of the virus in patients of 

Table 3 The severity scores of COVID-19 patients with different clinical types

Severity score Mild type (n=136) Severe type (n=28) P

Total lung severity score 4.65±2.48 9.43±4.43 <0.0001

Severity score in each lobe

Left upper lobe 0.85±0.58a 1.64±0.99a 0.0003

Left lower lobe 1.16±0.84 2.18±0.90 <0.0001

Right upper lobe 0.74±0.57b 1.64±1.10b 0.0002

Right middle lobe 0.71±0.63c 1.79±1.17c <0.0001

Right lower lobe 1.19±0.76 2.18±1.16 0.0001
a, t-test showed significant difference between the left lower lobe and the left upper lobe (P<0.05); b, t-test showed significant difference between 
the right upper lobe and the right lower lobe (P<0.05); c, t-test showed significant difference between the right middle lobe and the right lower lob 
(P<0.05). Quantitative data were presented as mean ± standard deviation. COVID-19, coronavirus disease 2019. 

Figure 4 The scatter plot for the relationship between volume of pneumonia lesions and the lung severity score. Horizontal axis is the lung 
severity score for assessing the degree of pneumonia and vertical axis is the volume of pneumonia lesions. In the scatter plot, the blue dots 
represent patients with mild type and the red dots represent patients with severe type.

0.0             2.5             5.0             7.5           10.0           12.5           15.0           17.5

Vo
lu

m
e 

of
 p

ne
um

on
ia

 le
si

on
s 

(c
m

3 ) 

The Lung Severity Score 

Mild type

Severe type
2500 

2000 

1500 

1000 

500 

0

l 


5343Journal of Thoracic Disease, Vol 12, No 10 October 2020

© Journal of Thoracic Disease. All rights reserved. J Thorac Dis 2020;12(10):5336-5346 | http://dx.doi.org/10.21037/jtd-20-1584

Table 4 Quantitative CT features of main patterns in different clinical types

CT features Mild type (n=136) Severe type (n=28) P

Volume of pneumonia lesions (cm3) 208.32±230.63 1,123.36±829.15 <0.0001

Volume of consolidation (cm3) 186.77±221.29 983.16±757.92 <0.0001

Number of consolidations 4.91±3.81 3.57±2.27 0.0155

CT value distribution of consolidation (Hu) −495.42±130.26 −462.75±128.75 0.2453

Volume of GGO (cm3) 32.25±42.15 168.65±315.46 0.0304

Number of GGO 8.21±7.53 6.18±7.77 0.2121

CT value distribution of GGO (Hu) −616.57±110.4 −631.8±89.24 0.7957

Number of lobes affected 4.01±1.38 4.64±1.13 0.0133

Volume ratio of pneumonia lesions, %

Left upper lobe 2.65±4.42a 22.27±21.19a <0.0001

Left lower lobe 8.85±12.64 38.93 (14.28 to 54.28) <0.0001

Right upper lobe 3.3±5.88b 23.81±23.18b <0.0001

Right middle lobe 3.07±7.34 27.78±26.18 <0.0001

Right lower lobe 10.16±13.41d 37.31±27.33d <0.0001

Total 5.87±6.98 31.28 (15.73 to 44.27) <0.0001

Volume ratio of consolidation, %

Left upper lobe 2.47±4.61a 20.5±21.83a 0.0002

Left lower lobe 8.45±12.81 35.97 (9.50 to 53.67) <0.0001

Right upper lobe 3.16±6.04b 24.32±24.48b <0.0001

Right middle lobe 2.66±7.22 26.16±28.23 0.0002

Right lower lobe 9.84±13.64d 37.39±27.03d <0.0001

Total 5.28±6.73 27.91 (14.11 to 37.88) <0.0001

Volume ratio of GGO, %

Left upper lobe 0.57±1.40a 3.44±10.13 0.1463

Left lower lobe 1.10±2.18 5.55±15.56 0.1421

Right upper lobe 0.50±0.93b 2.14±4.47 0.0627

Right middle lobe 1.00±2.63c 4.58±9.28c 0.0529

Right lower lobe 1.31±2.20 5.30±15.82 0.1935

Total 0.88±1.18 4.11±7.45 0.0298

Quantitative data were presented as mean ± standard deviation or median (25th to 75th percentile). Numbers in parentheses were 
percentage of the total. a, Wilcoxon test showed significant difference between the left lower lobe and the left upper lobe (P<0.05); b, 
t-test showed significant difference between the right upper lobe and the right lower lobe (P<0.05); c, t-test showed significant difference 
between the right upper lobe and the right middle lobe (P<0.05); d, t-test showed significant difference between the right middle lobe and 
the right lower lobe (P<0.05). GGO, ground glass opacities; Hu, Hounsfield unit.
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old ages. What’s more, patients in the severe type group had 
elevated C-reactive protein levels compared with mild cases, 
which was also consistent with the previous study (2).

Chest CT is a vital component in not only the diagnostic 
procedure but also the severity evaluation for COVID-19 
patients. CT findings of this study largely concur with early 
radiology investigative efforts insofar as this pattern of ground-
glass and consolidative pulmonary opacities, often with a 
bilateral and peripheral lung distribution, is emerging as 
the chest CT hallmark of COVID-19 infection (6,9,14-16).  
However, obvious differences in qualitative CT features 
between the two types were observed. The higher incidence 
of the initial acute opacities such as ground-glass opacities 
with peripheral lung distribution occurred in patients with 
mild type, the more progressive, organizing and fibrosis 
changes such as consolidation, “crazy” paving pattern 
and “white lung” were found in patients with severe type. 
Moreover, the notable higher incidence of ancillary chest 
CT findings such as lymphadenectasis, pleural effusions, 
pleural thickening occurred in patients with the severe type. 

The apparent trend indicated that an initial (often 
infectious or inflammatory) acute insult causes ground-glass 
opacities that may coalesce into dense consolidative lesions 
in mild stage, and then progressively evolve in often a more 
linear fashion even severe lung damage such as “white lung” 
in severe stage (17). The pathological study also showed 
differences in pathological change of mild and severe 
patients. Mild lung damage exhibited edema, the exudation 
of alveoli and focal hyperplasia of pneumocytes, without 
prominent hyaline membranes (18). While severe lung 
damage showed that interest mononuclear inflammatory 
infiltrates were seen in both lungs, and multihull syncytial 
cells were identified in the intra-alveolar spaces, showing 
viral cytopathic-like changes (19). And pulmonary oedema 
with hyaline membrane formation suggestive of early-phase 
ARDS.

Indeed, to better guide treatment and prognostic 
strategies, the National Health Commission of the People’s 
Republic of China has encouraged severity evaluation 
based on the clinical and chest radiographic progression: 
COVID-19 patients with radiographic progression >50% 
within 48 hours should be taken as severely ill patients (8). 
And this posed new challenges for radiographic evaluation, 
especially quantitative and semi-quantitative assessment, 
such as lung severity score which was mentioned among 
numerous studies. In the current study, we provided a 
relatively accurate method than gross visual evaluation for 
the quantitative assessment, performed by an AI pneumonia 

detection and evaluation system then adjusted by multiple 
junior radiologists. And obvious differences in quantitative 
CT features between the two types were observed. The 
severity scores were higher in severe cases, with higher 
scores in bilateral lower lungs. Further analysis found that 
with the fusion of the lesions, the number of pneumonia 
lesions in overall lung was less in the severe group, but 
the volume of pneumonia lesions was higher, the same 
trend was observed in all lobes but with no difference in 
the number of GGO. Specific to each lobe, more lesions 
(including pneumonia lesions and consolidation lesions) 
were found in the lower lobes of bilateral lung than upper 
lobe (and right middle lobe) in both groups, while more 
GGOs were found in the middle lobe than in the upper 
lobe of the right lung. This analysis further confirmed 
severity scores result. The concentration of lesions in the 
lower lobes were also observed in other studies (20,21), and 
the autopsy of patients of COVID-19 is expected to provide 
a good explanation.

Conclusions

In summary, this work represented that common chest CT 
findings in COVID-19 based on a Chinese multicenter 
dataset, included multiple GGOs, consolidations in both 
lungs, with mostly subpleural distribution. There were 
significant differences of both qualitative and quantitative 
CT features between mild and severe patients, and more 
consolidative and progressive lesions were found in 
severe patients, especially in the lower lung. And with the 
assistance of AI pneumonia detection and evaluation system, 
CT can better play its important role in the diagnosis and 
evaluation of COVID-19. Nevertheless, this study was a 
cross-sectional study and lacked longer follow up. However, 
we try to draw scenes of different CT characters in different 
disease stages. Future study is warranted to analyze the 
dynamic CT changes to find the radiological feature which 
could predict patient progression and potential complication 
development.
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