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Background: The assessment of the severity of coronavirus disease 2019 (COVID-19) by clinical presentation

has not met the urgent clinical need so far. We aimed to establish a deep learning (DL) model based on
quantitative computed tomography (CT) and initial clinical features to predict the severity of COVID-19.
Methods: One hundred ninety-six hospitalized patients with confirmed COVID-19 were enrolled from

January 20 to February 10, 2020 in our centre, and were divided into severe and non-severe groups. The
clinico-radiological data on admission were retrospectively collected and compared between the two groups.
The optimal clinico-radiological features were determined based on least absolute shrinkage and selection
operator (LASSO) logistic regression analysis, and a predictive nomogram model was established by
five-fold cross-validation. Receiver operating characteristic (ROC) analyses were conducted, and the
areas under the receiver operating characteristic curve (AUCs) of the nomogram model, quantitative CT
parameters that were significant in univariate analysis, and pneumonia severity index (PSI) were compared.
Results: In comparison with the non-severe group (151 patients), the severe group (45 patients) had a higher

PSI (P<0.001). DL-based quantitative CT indicated that the mass of infection (MOICT) and the percentage of
infection (POICT) in the whole lung were higher in the severe group (both P<0.001). The nomogram model
was based on MOICT and clinical features, including age, cluster of differentiation 4 (CD4)+ T cell count, serum
lactate dehydrogenase (LDH), and C-reactive protein (CRP). The AUC values of the model, MOICT, POICT,
and PSI scores were 0.900, 0.813, 0.805, and 0.751, respectively. The nomogram model performed significantly
better than the other three parameters in predicting severity (P=0.003, P=0.001, and P<0.001, respectively).
Conclusions: Although quantitative CT parameters and the PSI can well predict the severity of

COVID-19, the DL-based quantitative CT model is more efficient.
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predicting
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Introduction
Coronavirus disease 2019 (COVID-19), caused by the novel
severe acute respiratory syndrome coronavirus 2 (SARSCoV-2, previously known as 2019-nCoV), has become
increasingly prevalent worldwide. As of July 18, 13,876,441
cases had been confirmed globally with 953,087 deaths
according to World Health Organization (WHO) statistics (1).
With a death toll exceeding that of the severe acute
respiratory syndrome coronavirus (SARS-CoV) outbreak
in 2002 and 2003, COVID-19 has led to a public health
emergency of international concern, putting all health
organizations on high alert (2).
COVID-19 can be fatal, with a case fatality rate of 2% (3),
making it the third most fatal disease caused by the
coronavirus family after SARS-CoV infection (fatality rates
of 10%) and Middle East respiratory syndrome coronavirus
(MERS-CoV) infection (fatality rates of 37%) (4). Although
the fatality rate of COVID-19 is relatively low, it can be
widely and quickly transmitted from person-to-person (5),
and 17% to 29% of patients with COVID-19 develop severe
or even fatal acute respiratory distress syndrome (ARDS)
(6-8). However, there are still no efficient treatments or
control strategies available today. Therefore, in addition
to early diagnosis and quarantine, timely identification of
the patients who may become critically ill is pivotal for
subsequent active interventions, such as triaging patients,
designing treatment protocols and performing follow-up
evaluations to improve clinical outcomes.
To date, although several preliminary studies have
reported the clinical and imaging features of COVID-19
(6-9), the comprehensive prediction of disease severity is
limited. Previous studies have demonstrated that the extent
of consolidation or ground-glass opacity (GGO) on chest
computed tomography (CT), which is significantly different
between ARDS and non-ARDS groups, may play an important
prognostic role in viral pneumonias such as influenza
A (H1N1), SARS, and MERS (10-12). In recent years,
deep learning (DL), one of the major subfields of artificial
intelligence (AI), has played a central role in image analysis,
and has been proposed as a potential method for the analysis
of diffuse lung disease on CT (13,14). DL is more effective
in automatically measuring lesion range than the traditional
visual evaluation of CT does.
Therefore, we hypothesized that DL-based quantitative
CT measurements of lesion extent on admission, together
with clinical features, will help predict the severity of
COVID-19. The purpose of this study was to characterize
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these baseline clinico-radiological features and to establish a
model for predicting the severity of COVID-19. We present
the following article in accordance with the TRIPOD
reporting checklist (available at http://dx.doi.org/10.21037/
atm-20-2464).
Methods
Study design and participants
The Institutional Review Board of Shanghai Public Health
Clinical Center, Fudan University approved the study
protocol (No. YJ-2020-S035-01). The requirement for
informed consent was waived because of the retrospective
nature of the study. The study was conducted in accordance
with the Declaration of Helsinki (as revised in 2013). The
inclusion criteria were as follows: (I) patients with positive
new coronavirus nucleic acid through real-time PCR (RTPCR) performed by the Centre for Disease Control (CDC),
Shanghai; and (II) patients with thin-section chest CT
scans demonstrating pneumonia. Ten patients with normal
CT images were excluded. A total of 196 patients with
COVID-19 were enrolled from January 20 to February 10,
2020 in our centre.
According to the COVID-19 Guidelines (the fifth
version) set by the National Health Commission of the
People’s Republic of China (15), patients with COVID-19
can be divided into four subtypes: mild, common, severe
and critically ill. As the mild subtype with no pneumonia
was excluded, the patients enrolled in this study were
divided into non-severe (common subtype, 151 cases) and
severe (severe and critically ill subtypes, 45 cases). Among
the severe group, 28 patients had severe pneumonia, 15 had
ARDS, and 2 developed shock. The clinical and laboratory
data were reviewed. The pneumonia severity index (PSI)
was calculated for all patients (16).
Imaging acquisition
All patients underwent CT examinations with a 64-section
scanner (Scenaria, HITACHI, Japan) at full inspiration from
the thoracic inlet to the costophrenic angle level with the
following parameters: detector width, 64×0.625 mm; pitch,
1.57; tube voltage, 120 kV; automatic tube current with
advanced mode (maximum: 400 mA, minimum: 150 mA);
rotation time, 0.35 seconds; and matrix, 512×512. The
images were reconstructed using a standard lung algorithm
with a thickness of 1 mm and an interval of 0.8 mm. The
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Figure 1 The attenuation category of COVID-19 pneumonia. (A) Type I, pure ground-glass opacity (pGGO) manifests as a hazy opacity
without obscuring the underlying vessels. (B) Type II, GGO with consolidation is defined as an area of opacification obscuring the
underlying vessels in the GGO. (C) Type III, GGO with interlobular septal thickening or reticulation is defined as a crazy-paving sign. (D)
Type IV, consolidation. COVID-19, coronavirus disease 2019.

following windows were used: a mediastinal window
with a window width of 350 Hounsfield unit (HU) and a
window level of 40 HU, and a lung window with a width of
1,200 HU and a level of −600 HU.
Image interpretation
The presence and distribution of pulmonary opacities were
analysed, including the following four types (Figure 1): type
I, pure ground-glass opacity (pGGO), which manifested as
a hazy opacity without obscuring the underlying vessels;
type II, GGO with consolidation, which was defined as an
area of opacification obscuring the underlying vessels in the
GGO; type III, GGO with interlobular septal thickening or
reticulation, which was defined as a crazy-paving sign; and
type IV, consolidation. The number of pulmonary segments
involved was counted. If the number of inferior lobe
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segments involved was more than half of the total involved
segments, this was defined as inferior lobe preference. The
outer one-third of the lung was defined as peripheral, and
the rest was defined as central.
Air bronchograms, focal pulmonary fibrosis (including
reticulation and liner opacity), pleural effusion, and
mediastinal lymphadenopathy (>1 cm in short-axis
diameter) were also noted. All the terms were defined
according to the Fleischner Society (17). The images were
analysed independently by two radiologists (Weiya Shi
and Fei Shan, with 12 and 19 years of experience in chest
radiology, respectively). In cases of disagreement, the results
were determined by consensus.
Quantitative CT analysis
The infected regions on CT were quantified by uAI-
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Statistical analysis
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Figure 2 The network is a V-shaped structure with a contracting
path that extracts global image features, an expansive path that
integrates fine-grained image features, and a bottle-neck structure
that improves the speed of segmentation.

Discover-NCP (beta version) developed by Shanghai
United Imaging Intelligence Inc., China. The software
utilized the V-shaped neural network (V-Net) (Figure 2),
which is a convolutional neural network (CNN) (18), and
combined it with transfer learning to segment the lung
fields and infected regions on images. The procedure was
carried out in two steps. In the training step, the lung fields
and infected regions were manually annotated by senior
radiologists. These data served as training data for the
neural network model. In the application step, the trained
model was used to automatically extract lung fields and
infected regions from new chest CT images, and the volume
of the infected regions can be calculated.
The infected regions were mainly composed of GGOs
and consolidations. An opacity observed within the range
of −750 to −300 HU was defined as a GGO, and that
observed within the range of −300 to 50 HU was defined as
consolidation (19). The percentage of infection (POICT) was
calculated as the infected volume divided by the whole lung
volume. The percentage of consolidation was calculated as
the volume of consolidation divided by the whole infected
volume. The mass of infection (MOICT) in the whole lung
was also included in the quantitative analysis. Mass was
calculated according to the following equation (20): M = V *
[(Amean+1000) * 0.001], where M was the mass in milligrams
per millimetre, V was the infected volume, and Amean was
the mean attenuation in Hounsfield units.
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The continuous data are expressed as the median and
interquartile range (IQR, 25th and 75th percentiles) because
a majority of the data did not follow a normal distribution.
The Wilcoxon rank-sum test and Fisher’s exact test were
used to compare quantitative and categorical variables,
respectively, between the two groups.
Variables found to be significant in univariate analysis
were inputted into the least absolute shrinkage and selection
operator (LASSO) logistic regression analysis to determine
the optimal subset of clinico-radiological features for
prediction. By incorporating these significant predictors,
a nomogram model was established by five-fold crossvalidation. The nomogram was calibrated by performing a
calibration curve analysis. Receiver operating characteristic
(ROC) analyses were conducted, and the areas under the
receiver operating characteristic curve (AUCs) of the
nomogram model, quantitative CT parameters that were
significant in univariate analysis, and PSI were compared
using the Delong test to evaluate the effects of the classifier
when comparing the severe group with the non-severe
group. The cut-off values were defined based on the
maximal Youden index.
Statistical analysis was performed with R version 3.6.1
(R Project for Statistical Computing, Vienna, Austria).
The nomogram construction and calibration plots were
performed using the “rms” package. A two-tailed α less than
0.05 was considered statistically significant.
Results
Clinical and laboratory features
The median age of the 196 enrolled patients was 52 years old
(IQR, 38–65; range, 16–88), and 105 (53.6%) were men
(Table 1). The median age of the severe group (45 patients)
was older than that of the non-severe group (151 patients)
(65 vs. 46 years, P<0.001). More non-severe patients had a
history of exposure in an outbreak area than severe patients
(102/151, 67.5% vs. 19/45, 42.2%, P=0.003). Comorbidities
were more frequent in the severe group (25/45, 55.6% vs.
47/151, 31.1%, P=0.004), particularly cardiovascular disease
(7/45, 15.6% vs. 6/151, 4.0%, P=0.012).
There were numerous differences in laboratory findings
between the two groups (Table 2), including higher
neutrophil count and higher serum levels of D-dimer,
aspartate aminotransferase, lactate dehydrogenase (LDH),
serum troponin I, serum myoglobin, procalcitonin,
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Table 1 Demographics and baseline characteristics of patients with COVID-19
Parameter

All patients (n=196)

Severe group (n=45)

Non-severe group (n=151)

P values

Age, years

52 [38–65]

65 [54–74]

46 [36–62]

<0.001*

Male

105 (53.6)

30 (66.7)

75 (49.7)

Female

91 (46.4)

15 (33.3)

76 (50.3)

Onset symptom to hospital admission, d

4 [3–8]

5 [3–8]

4 [3–7.5]

0.348

History of exposure in an outbreak area

121 (61.7)

19 (42.2)

102 (67.5)

0.003*

Comorbidities

72 (36.7)

25 (55.6)

47 (31.1)

0.004*

Hypertension

46 (23.5)

15 (33.3)

31 (20.5)

0.107

Cardiovascular disease

13 (6.6)

7 (15.6)

6 (4.0)

0.012*

Diabetes

10 (5.1)

2 (4.4)

8 (5.3)

1.000

10 (5.1)

3 (6.7)

7 (4.6)

0.699

Fever

170 (86.7)

39 (86.7)

131 (86.8)

1.000

Dry cough

45 (23.0)

10 (22.2)

35 (23.2)

1.000

Expectoration

35 (17.9)

12 (26.7)

23 (15.2)

0.118

Sex

Current smoking

0.060

Signs and symptoms

Continuous variables are presented as median (interquartile range), and dichotomous variables are presented as numbers of patients, with
percentages in parentheses. *, P<0.05; P values are from Fisher’s exact test or Wilcoxon rank-sum test when comparing the severe group
with the non-severe group; COVID-19, coronavirus disease 2019.

and C-reactive protein (CRP), as well as lower levels of
lymphocyte count, cluster of differentiation 4 (CD4)+ T cell
count, and albumin in the severe group (all P<0.001).
The severe group had a higher PSI than the non-severe
group [66 points (IQR, 54–82) vs. 48 points (IQR, 35–61.5),
P<0.001].
CT characteristics
The morphological CT features and quantitative CT
characteristics of the 196 patients are shown in Table 3. The
most common types of pulmonary opacities were type III
(140/196, 71.4%) and type II (139/196, 70.9%). The lesions
were distributed more peripherally (173/196, 88.3%)
than centrally, usually with inferior lobe predominance
(121/196, 61.7%). No significant differences were found in
the frequency of opacities and the distribution preference
in the inferior and peripheral parts of the lung between
the two groups. More pulmonary segments were involved
in the severe group [15 (IQR, 12–18) vs. 7 (IQR, 3–13.5),
P<0.001]. Bilateral lung involvement, air bronchograms and
pleural effusion were more frequent in the severe group
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(43/45, 95.6% vs. 121/151, 80.1%, P=0.012; 39/45, 86.7%
vs. 105/151, 69.5%, P=0.022; 5/45, 11.1% vs. 4/151, 2.6%,
P=0.031).
In terms of quantitative CT parameters, the POICT and
MOI CT were higher in the severe group [11.1% (IQR,
5.3–22.7%) vs. 2.3% (IQR, 0.8–4.8%), P<0.001; 257,052.0
mg (IQR, 113,596.0–456,735.0) vs. 52,535.4 mg (IQR,
19,200.5–106,885.5), P<0.001] (Figures 3,4). There was no
significant difference in the percentage of consolidation
between the two groups.
Comparison of ability to predict the severity of COVID-19
LASSO logistic regression analysis was applied to identify
the most valuable clinico-radiological features when the
optimal value of log(λ) was –2.582 according to 10-fold
cross-validation. At this value, 24 clinico-radiological
features were reduced to 5 potential predictors with nonzero coefficients (Figure 5).
By incorporating the five clinico-radiological features
including age, LDH, CRP, CD4 + T cell count, and
MOICT, a nomogram model was constructed (Figure 6).
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Table 2 Baseline laboratory findings of patients with COVID–19
Parameter

Normal range

All patients (n=196)

White blood cell count, ×10 /L

3.5–9.5

4.6 [3.8–5.7]

4.5 [3.9–6.2]

4.7 [3.8–5.7]

0.271

Neutrophil count, ×109/L

1.8–6.3

2.9 [2.4–3.9]

3.5 [2.8–4.7]

2.8 [2.3–3.7]

<0.001*

9

1.1–3.2

1.1 [0.8–1.4]

0.8 [0.6–1.0]

1.2 [0.9–1.5]

<0.001*

D-dimer, μg/mL

0–0.5

0.4 [0.3–0.8]

0.8 [0.5–1.2]

0.4 [0.3–0.5]

<0.001*

Alanine aminotransferase, U/L

7–40

24 [16–36]

26 [19–36]

22 [15–35]

0.065

Aspartate aminotransferase, U/L

13–35

26 [20–35]

31 [26–51]

24 [19–33]

<0.001*

Lactate dehydrogenase, U/L

120–250

242 [204–309]

342 [290–454]

228 [199–261]

<0.001*

Total bilirubin, μmol/L

3.4–20.5

8.2 [6.7–10.9]

9.0 [7.8–12.4]

7.9 [6.6–10.2]

0.018*

Albumin, g/L

40.0–55.0

40.7 [37.9–42.7]

37.8 [34.2–39.7]

41.2 [39.2–43.4]

<0.001*

Female: 44–97

17 (8.7)

6 (13.3)

11 (7.3)

0.230

Serum troponin I, ng/mL

0–0.040

0.022 [0.012–0.041]

0.036 [0.019–0.062]

0.019 [0.011–0.035]

<0.001*

Serum myoglobin, ng/mL

0–48.8

7.3 [3.2–17.5]

27.6 [8.4–63.7]

5.4 [2.7–11.5]

<0.001*

Procalcitonin, ng/mL

0–0.05

0.04 [0.02–0.07]

0.07 [0.05–0.15]

0.03 [0.02–0.06]

<0.001*

PaO2, KPa

10.0–14.0

12.2 [10.5–14.6]

11.1 [9.3–14.3]

12.5 [11.0–14.6]

0.022*

SaO2, %

91.9–99.0

97.5 [96.2–98.5]

96.7 [94.3–98.5]

97.6 [96.6–98.5]

0.020*

C-reactive protein, mg/L

<3.0

15.1 [5.3–33.5]

38.7 [26.8–88.2]

11.0 [4.3–22.2]

<0.001*

CD4+ T cell count, cell/μL

410–1590

406 [261–592]

216 [137–397]

453 [310–633]

<0.001*

9

Lymphocyte count, ×10 /L

Serum creatinine, μmol/L
Increased

Severe group (n=45) Non-severe group (n=151)

P values

Male: 53–106

Continuous variables are presented as median (interquartile range), and dichotomous variables are presented as numbers of patients, with
percentages in parentheses. *, P<0.05; P values are from Fisher’s exact test or Wilcoxon rank-sum test when comparing the severe group
with the non-severe group; COVID-19, coronavirus disease 2019; PaO2, partial pressure of oxygen; SaO2, arterial oxygen saturation; CD4,
cluster of differentiation 4.

The nomogram calibration plot showed predictive ability
(Figure 7). The predicted results paralleled the real
observations, almost exactly correlating with the 45-degree
line on the graph.
The abilities of the nomogram model, MOICT, POICT,
and PSI for predicting the severity of COVID-19 were
compared by the Delong test (Table 4). The AUC values
of the nomogram model and the other three parameters
were 0.900, 0.813, 0.805, and 0.751, respectively. When
the cut-off value of the nomogram was 136.5 points, the
sensitivity, specificity, and accuracy were 86.1%, 80.0%,
and 84.7%, respectively, and the cut-off values for MOICT,
POICT, and PSI were 107,720.0 mg, 5.9%, and 63.5 points,
respectively. The nomogram model performed significantly
better than MOICT, POICT, and PSI (P=0.003, P=0.001, and
P<0.001, respectively) (Figure 8). There were no significant
differences in AUCs among the other three parameters.
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Discussion
The COVID-19 pandemic is a global public health issue
threatening millions of lives worldwide. Here, we report
the clinico-radiological characteristics of a cohort of
196 patients with COVID-19 admitted to our hospital
in Shanghai, China. We compared the baseline clinicoradiological features between the severe and non-severe
groups and determined whether a DL-based quantitative
CT model can predict the severity of COVID-19.
Current research (21) suggests that some clinical
presentations are unique to COVID-19, and are rarely
observed in other respiratory viral infections, such as
severe lymphopenia, extensive pneumonia with lung
tissue damage, cytokine storms leading to ARDS and
multiorgan failure. Elevated levels of acute phase reactants,
such as interleukin-6 (22), CRP (22,23), tumour necrosis
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Table 3 Baseline CT features of patients with COVID-19
Parameter

All patients (n=196)

Severe group (n=45)

Non–severe group (n=151)

P values

10 [4–15]

15 [12–18]

7 (3–13.5)

<0.001*

Bilateral lung

164 (83.7)

43 (95.6)

121 (80.1)

0.012*

Inferior lobes preference

121 (61.7)

28 (62.2)

93 (61.6)

1.000

Peripheral preference

173 (88.3)

38 (84.4)

135 (89.4)

0.428

Type I

83 (42.3)

18 (40.0)

65 (43.0)

0.735

Type II

139 (70.9)

32 (71.1)

107 (70.9)

1.000

Type III

140 (71.4)

37 (82.2)

103 (68.2)

0.090

Type IV

50 (25.5)

15 (33.3)

35 (23.2)

0.178

144 (73.5)

39 (86.7)

105 (69.5)

0.022*

69 (35.2)

17 (37.8)

52 (34.4)

0.724

Pleural effusion

9 (4.6)

5 (11.1)

4 (2.6)

0.031*

Mediastinal lymphadenopathy

3 (1.5)

2 (4.4)

1 (0.7)

0.132

3.1 (1.0–8.2)

11.1 (5.3–22.7)

2.3 (0.8–4.8)

<0.001*

64,803.5 (23,153.5–164,271.0)

257,052.0 (113,596.0–
456,735.0)

52,535.4 (19,200.5–
106,885.5)

<0.001*

29.8 (18.0–40.6)

32.9 (23.4–41.7)

28.9 (16.5–40.1)

0.152

No. of pulmonary segments involved
Distribution

Types of pulmonary opacities

Internal signs
Air bronchograms
Other signs
Focal pulmonary fibrosis

Quantitative CT parameters
POICT, %
MOICT, mg
Percentage of consolidation, %

Continuous variables are presented as median (interquartile range), and dichotomous variables are presented as numbers of patients, with
percentages in parentheses. *, P<0.05. P values are from Fisher’s exact test or Wilcoxon rank-sum test when comparing the severe group
with the non-severe group; COVID-19, coronavirus disease 2019; CT, computed tomography; POICT, the percentage of infection in the
whole lung; MOICT, the mass of infection in the whole lung.

factor-α (24), and LDH (25), are early predictors of severe
disease. In critically ill patients, a decrease in the absolute
value of CD4+ T cells is correlated with the volume of lung
lesions. In our cohort, there were also numerous differences
in laboratory findings between the two groups, such as
decreases in CD4+ T cells and increases in LDH and CRP
in the severe group. These abnormal laboratory indexes can
be used as predictors for the severity of COVID-19, which
is consistent with current studies.
The PSI is an important score consisting of four parts:
demographic, comorbidity, physical, and laboratory
factors. This index can be used to evaluate communityacquired pneumonia, as well as viral pneumonia (16). In
this study, the severe group had a higher PSI (P<0.001),
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suggesting that the PSI can be used to assess the severity
of COVID-19. However, the scale does not assess CT
findings, which may affect its accuracy.
It has been reported that the main CT findings include
GGOs with or without consolidation or intralobular lines,
with a predominantly peripheral distribution (26,27). Bilateral
involvement and air bronchograms were more common in
the severe group (P=0.012 and P=0.022, respectively), which
may suggest a wider range of lesions in the severe group.
Pleural effusion was more frequent in the severe group
(P=0.031), consistent with previous studies that the presence
of pleural effusion on CT suggests disease progression
(28,29). Ichikado et al. analysed the pulmonary lesions of
44 patients with ARDS and found that their appearance
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Figure 3 A 57-year-old female (severe group) presents the onset symptoms of fever and cough, and CT shows extensive distribution of
GGO with consolidation and interlobular septal thickening in both lungs (A). The quantitative volume rending CT (B) shows extensive
GGO with consolidation, the red zone represents consolidation, yellow zone represents GGO with consolidation, green zone represents
GGO, blue zone represents normal pulmonary parenchyma, and white zone represents trachea. The axial image (C) shows the infected
regions automatically detected by quantitative CT and marked in red. The histogram of CT value (D) is used to analyse the attenuation of
the infected regions. CT, computed tomography; GGO, ground-glass opacity.

on CT has prognostic value for predicting mortality, the
number of days without mechanical ventilation, and the
28-day risk of barotrauma in patients with a clinically early
stage of ARDS that developed from diverse causes (30).
This result is consistent with other reports regarding
prognoses of viral pneumonias such as H1N1, SARS, and
MERS (10-12). In this study, more pulmonary segments
were involved in the severe group (P<0.001), indicating that
the extent of lesions on CT may reflect the severity of the
disease, as reported in previous studies.
In recent years, the rapid development of AI has
significantly improved automatic lung segmentation
technology, making it possible to quantify lesions
automatically. CNNs have been proposed as a potential
solution to segmentation problems by identifying the
lung boundary of patients with pulmonary diseases and
distinguishing between lung tissue and surrounding

© Annals of Translational Medicine. All rights reserved.

structures (13,14). As CT images exhibit several prognostic
and diagnostic characteristics of COVID-19, the rapid and
precise quantification of these characteristics using AI has
garnered considerable attentions. Recent studies (31-35)
have reported promising results with the use of AI
combined with CT imaging. In studies using deep learning
for diagnosing COVID-19, U-shaped neural network
(U-Net) and its modifications have often been used to
segment the lung or lesions on CT images, and residual
neural network (ResNet) (2D or 3D) has often been used
for classification. In this study, V-Net-based automatic
quantitative CT software was used to quantify the regions
of infection. The results showed that the POI CT was
significantly higher in the severe group (P<0.001). This also
proves that the extent of lesions is highly correlated with
the severity of the disease. The MOICT was also significantly
higher in the severe group (P<0.001). This parameter
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Figure 4 A 55-year-old male (non-severe group) presents the onset symptoms of fever, dry pharynx, and fatigue, and CT shows GGO with
consolidation mainly distributed in the peripheral part of the lung (A). The quantitative volume rending CT (B) shows the lesions mainly
located in the left upper lobe and right lower lobe, the red zone represents consolidation, yellow zone represents GGO with consolidation,
green zone represents GGO, blue zone represents normal pulmonary parenchyma, and white zone represents trachea. The axial image (C)
shows the infected regions automatically detected by quantitative CT and marked in red. The histogram of CT value (D) is used to analyse
the attenuation of the infected regions. CT, computed tomography; GGO, ground-glass opacity.

evaluates both extent and attenuation, making it one of the
predictive model parameters.
In this study, the parsimonious model containing five features
(age, LDH, CRP, CD4 + T cell count, and MOI CT) was
an ideal measure to predict the severity of COVID-19.
LASSO logistic regression analysis not only works better
than the conventional method of choosing predictors on
the basis of the intensity of their univariate association
with outcome, but it also allows researchers to combine
the selected features into a model. The nomogram model
performed significantly better than MOTCT, POICT, and
PSI (P=0.003, P=0.001, and P<0.001, respectively). This
is because the model combines DL-based quantifiable CT
parameters of lesions with clinical laboratory indicators to
comprehensively assess the severity of the disease, rather
than as a partial assessment of each patient’s condition.
However, our study has several limitations. Firstly, serum

© Annals of Translational Medicine. All rights reserved.

samples were not obtained from patients to evaluate viremia.
The viral load is a potentially useful marker associated
with the severity of the disease. Secondly, although the
nomogram model was established by cross-validation and
had a good predictive performance, the proportion of
patients with severe disease was relatively low, and there was
an imbalance between the sizes of the severe and non-severe
group, which may impact the statistical analysis. More data,
especially from different geographic areas, are needed to
validate the robustness of the model to further improve its
prediction accuracy. Thirdly, drug administration during
hospitalization was not compared, which may affect the
progression of the disease.
Conclusions
Quantitative CT parameters and the PSI can well predict
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between the predictions by the nomogram with the actual cases.

Table 4 Comparison of AUCs of the nomogram model, MOTCT, POICT and PSI for predicting the severity of COVID-19
Feature evaluated

AUC value (95% CI)

Cutoff value

Sensitivity
(%)

Specificity
(%)

Accuracy
(%)

Nomogram model

0.900 (0.849–0.952)

136.5

86.1

80.0

84.7

93.5

63.2

MOTCT, mg

0.813 (0.732–0.894)

107,720.0

80.0

75.5

76.5

49.3

92.7

0.003a

POICT, %

0.805 (0.724–0.886)

5.9

73.7

78.8

77.6

50.8

90.8

0.001b

PSI score

0.751 (0.668–0.833)

63.5

60.0

81.5

76.5

49.1

87.2

<0.001c

PPV (%)

NPV (%)

P values

COVID-19, coronavirus disease 2019; AUC, area under the receiver operating characteristic curve; 95% CI, 95% confidence intervals;
PPV, positive predictive value; NPV, negative predictive value; MOICT, the mass of infection in the whole lung; POICT, the percentage of
infection in the whole lung; PSI, pneumonia severity index; a, b, and c, the nomogram model is significantly better than MOICT, POICT and
PSI, respectively.
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three parameters (P=0.003, P=0.001, and P<0.001, respectively).
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the severity of COVID-19. The DL-based quantitative
CT model containing five clinico-radiological features can
serve as a more efficient tool for prediction than individual
quantitative CT parameters and PSI. External data are
needed for further validation.
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