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BACKGROUND. Chest CT findings have the potential to guide treatment of hospital-
ized patients with coronavirus disease (COVID-19).

OBJECTIVE. The purpose of this study was to assess a CT visual severity score in hos-
pitalized patients with COVID-19, with attention to temporal changes in the score and
the role of the score in a model for predicting in-hospital complications.

METHODS. This retrospective study included 161 inpatients with COVID-19 from
three hospitals in China who underwent serial chest CT scans during hospitalization. CT
examinations were evaluated using a visual severity scoring system. The temporal pat-
tern of the CT visual severity score across serial CT examinations during hospitalization
was characterized using a generalized spline regression model. A prognostic model to
predict major complications, including in-hospital mortality, was created using the CT
visual severity score and clinical variables. External model validation was evaluated by
two independent radiologists in a cohort of 135 patients from a different hospital.

RESULTS. The cohort included 91 survivors with nonsevere disease, 55 survivors
with severe disease, and 15 patients who died during hospitalization. Median CT visu-
al lung severity score in the first week of hospitalization was 2.0 in survivors with non-
severe disease, 4.0 in survivors with severe disease, and 11.0 in nonsurvivors. CT visual
severity score peaked approximately 9 and 12 days after symptom onset in survivors
with nonsevere and severe disease, respectively, and progressively decreased in subse-
quent hospitalization weeks in both groups. In the prognostic model, in-hospital com-
plications were independently associated with a severe CT score (odds ratio [OR], 31.28),
moderate CT score (OR, 5.86), age (OR, 1.09 per 1-year increase), and lymphocyte count
(OR, 0.03 per 1 x 10°/L increase). In the validation cohort, the two readers achieved C-in-
dex values of 0.92-0.95, accuracy of 85.2-86.7%, sensitivity of 70.7-75.6%, and specificity
of 91.4-91.5% for predicting in-hospital complications.

CONCLUSION. A CT visual severity score is associated with clinical disease severity
and evolves in a characteristic fashion during hospitalization for COVID-19. A prognostic
model based on the CT visual severity score and clinical variables shows strong perfor-
mance in predicting in-hospital complications.

CLINICAL IMPACT. The prognostic model using the CT visual severity score may
help identify patients at highest risk of poor outcomes and guide early intervention.

A novel coronavirus disease (COVID-19), caused by severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2), was identified as the cause of a cluster of pneumonia cases in
Wuhan, China, at the end of 2019 [1]. It quickly spread throughout China, and an increas-
ing number of cases in other countries followed. In March 2020, the WHO declared the
COVID-19 outbreak a global pandemic.

The clinical characteristics of COVID-19 have been reported by several studies [2-5].
The main clinical manifestations include fever, cough, shortness of breath, fatigue, and
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dyspnea. In a large epidemiologic study of 1099 patients, Guan
et al. [5] compared patients with severe and nonsevere disease
according to the degree of severity at the time of hospital admis-
sion. Most patients showed lymphopenia and elevated levels of
liver enzymes, creatine kinase, and p-dimer. Patients with severe
disease had more prominent laboratory abnormalities (i.e., leu-
kopenia, lymphopenia, thrombocytopenia) and an increased risk
of developing organ dysfunction, including acute respiratory dis-
tress syndrome (ARDS) and acute kidney injury (AKI).

CT has been reported as an important tool in assisting the di-
agnosis and treatment of patients with COVID-19 [6-9]. The im-
aging features of COVID-19 pneumonia are diverse, ranging from
normal appearance to diffuse changes in the lungs. Moreover,
disease progression can be characterized by CT. For example, Shi
et al. [7] described the CT findings from 81 patients across differ-
ent time points during the disease course. Pan et al. [8] and Wang
et al. [9] investigated the time course of lung changes on chest
CT during recovery. However, the association of CT findings with
clinical disease severity and the evolution of these findings have
not been well described. In this study, we explored a CT visual
severity score in hospitalized patients with COVID-19, with atten-
tion to temporal changes in the score and the role of the score in
a model for predicting in-hospital complications.

Methods
Study Design

We conducted a multicenter retrospective cohort study in Hu-
bei Province, China. The study was approved by the ethics com-
mittee in each participating hospital. Written informed consent
was waived because of the observational nature of the study and
the epidemic of COVID-19 as an emergency public health event.

We included patients with confirmed COVID-19 pneumo-
nia who were admitted to one of three hospitals in Hubei, all
designated for COVID-19, and who underwent at least two
chest CT scans after admission. The COVID-19 diagnosis at the
three hospitals was initially based on the criteria published by
WHO on January 28, 2020 [1], and all cases were later confirmed
by real-time reverse-transcriptase polymerase chain reaction
analysis of throat swab specimens according to a previously
published protocol [2, 4]. Patients with a confirmed diagno-
sis were treated with effective isolation and protective con-
ditions in the hospitals, and patients with severe and critical
disease were admitted to the emergency department or ICU
ward. All patients underwent initial laboratory testing, includ-
ing complete blood count, coagulation profile, renal and liv-
er function, creatine kinase, lactate dehydrogenase, and elec-
trolytes. All patients’ vital signs (body temperature, heart rate,
blood pressure, and respiratory rate) were monitored during
their hospitalization. Patients at all centers received treatment
that followed the guidelines established by Jin et al. [10]. All
of the patients received antibacterial agents. The use of antivi-
ral therapy and methylprednisolone varied depending on dis-
ease severity. For patients with severe disease, continuous re-
nal replacement therapy was applied if acute renal impairment
or failure occurred. Invasive mechanical ventilation was admin-
istered to patients with hypoxic respiratory failure and ARDS.
Extracorporeal membrane oxygenation support was used for
patients with refractory hypoxemia that was difficult to correct

HIGHLIGHTS

Key Finding

B Median CT visual lung severity score in the first hospi-
talization week was 2.0-4.0 in discharged patients ver-
sus 11.0 in those who died. A prognostic model for pre-
dicting in-hospital complications using the CT score
showed strong performance in an external validation
cohort (C-index, 0.92-0.95; accuracy, 85.2-86.7%; sen-
sitivity, 70.7-75.6%; specificity, 91.4-91.5%).

Importance

B A prognostic model using the CT visual severity score
and clinical variables may identify patients at highest
risk of poor outcomes and guide early intervention.

by prone positioning and protective lung ventilation. More de-
tailed treatment strategies performed at these centers are de-
scribed by Zhang et al. [11].

To be discharged, patients needed to satisfy all of the follow-
ing four criteria: afebrile for more than 3 days, two consecutive
negative results on reverse-transcriptase polymerase chain re-
action tests conducted at least 24 hours apart, significantly im-
proved respiratory symptoms, and improvement in the radiolog-
ic abnormalities on chest radiograph or CT.

Clinical Data Collection and CT Image Acquisition

Demographic, clinical, laboratory, and outcome data were ex-
tracted from electronic medical records using a standardized
data collection form, which was a modified version of the WHO
and International Severe Acute Respiratory and Emerging Infec-
tion Consortium case record form for severe acute respiratory in-
fections [12]. Data were extracted from the time of patients’ initial
hospital admission until either hospital discharge or mortality.
This extraction was performed by two physicians (X.H., a pulm-
onologist with 5 years of experience, and W.T., a pulmonologist
with 15 years of experience). A third physician (Z.C., a pulmonolo-
gist with 25 years of experience) adjudicated any difference in in-
terpretation between the two primary reviewers.

Cases of COVID-19 were classified as severe or nonsevere at
the time of hospital admission using the American Thoracic So-
ciety guidelines for community-acquired pneumonia [5, 13]. Pa-
tients were classified as having severe disease if they had any of
the following: dyspnea, respiratory frequency of 30 breaths/min
or more, blood oxygen saturation of 93% or lower, Pao,:Fio, ratio
of less than 300, or an increase in lung infiltrates of over 50% with-
in a period of 24-48 hours. Patients with severe disease generally
required supplemental oxygen, although this was not a criterion
for the classification.

Chest CT scans were performed with a single inspiratory
phase using an MDCT scanner (Somatom Definition AS, Siemens
Healthineers; Somatom Definition Flash, Siemens Healthineers;
or GE BrightSpeed 16, GE Healthcare). Patients were instruct-
ed on breath-holding to minimize motion artifacts. All CT scans
were obtained with the patient in the supine position during a
single breath-hold without IV contrast material. The tube voltage
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was 120 kV for all scans. The tube current-exposure time prod-
uct and CT doses varied across scans. Automatic exposure con-
trol technology was used to automatically adjust the tube current
for each patient.

CT Image Review and Visual Severity Scores

Two physicians at Zhongnan Hospital of Wuhan Universi-
ty (Z.C. and X.H.), Central Hospital of Wuhan (W.T. and a nonau-
thor radiologist with 15 years), and Jingzhou Chest Hospital (P.H.,
a radiologist with 20 years, and a nonauthor radiologist with 15
years) scored the CT images and were unaware of patients’ clin-
ical status. As training before the evaluation, the investigators
reviewed CT images from a group of eight patients with severi-
ty scores ranging from none to severe. After initial independent
evaluations, the two physicians at each hospital discussed any
disagreements to reach consensus.

Pulmonary disease severity on CT scans was assessed visual-
ly. Each scan was assigned to one of the following categories: no
ground-glass opacity (GGO) or consolidation, GGO only, consoli-
dation only, or both GGO and consolidation. GGO was defined as
an area of haziness with increased attenuation that did not ob-
scure the underlying vascular markings. Consolidation was de-
fined as opacity obscuring the underlying vascular markings.
Each scan was also assessed for the presence of a peripheral dis-
tribution of opacification, linear opacities, or crazy paving pat-
tern. Each lobe branching off the main bronchus (three on the
right, two on the left) was assessed for involvement. A visual se-
verity score was assigned to each lobe using four categories of
lobe involvement on the basis of GGO and consolidation: 0, none
(0% involvement); 1, mild (< 50% involvement); 2, moderate (50—
75% involvement); and 3, severe (> 75% involvement). An overall
CT visual severity score was reached by summing the scores for
the five lobes (possible range for summed scores, 0-15).

Outcome Measures

The primary measured outcome for this study was a com-
posite endpoint of major COVID-19-associated complications.
Major complications included ARDS, acute cardiac injury, ar-
rhythmia, septic shock, AKI, liver dysfunction, secondary in-
fection, and in-hospital mortality (defined as death from any
cause before discharge). ARDS was diagnosed according to the
Berlin definition [14], and AKI was diagnosed according to the
Kidney Disease Improving Global Outcomes clinical practice
guidelines [15]. Acute cardiac injury was diagnosed if serum
levels of cardiac biomarkers (i.e., troponin I) were above the
99th percentile upper reference limit or if new abnormalities
appeared on ECG and echocardiography [2]. Sepsis and septic
shock were defined according to the “Third International Con-
sensus Definitions for Sepsis and Septic Shock” published in
2016 [16]. Liver dysfunction was diagnosed if alanine amino-
transferase and aspartate aminotransferase increased during
the course of disease [17, 18]. Secondary infection was diag-
nosed if the patients showed clinical symptoms or signs of
nosocomial pneumonia or bacteremia and had a culture that
was positive for a new pathogen from a lower respiratory
tract specimen (including sputum, transtracheal aspirates, or
bronchoalveolar lavage fluid) or from blood samples taken 48
hours or more after admission [2].
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Statistical Analysis

The study variables were evaluated using the sample medi-
an with interquartile range (IQR) or the number with proportion.
The study sample was divided into three groups on the basis of
disease severity at hospital admission and survival status: survi-
vors with nonsevere disease, survivors with severe disease, and
nonsurvivors. The three groups were compared in terms of clin-
ical features on admission. Categoric variables were compared
between groups using the Pearson chi-square test or Fisher ex-
act test, whereas continuous variables were compared using the
nonparametric Kruskal-Wallis test. The analysis of interreader
agreement was conducted using weighted kappa coefficients.

The findings on lung CT were compared among four groups
defined by the amount of time between the onset of symptoms
and CT scan: week 1 (e.g., scans performed within the first week
after symptom onset), week 2, week 3, and week 4 or later. Non-
survivors with severe disease only had scans available in weeks 1
and 2; nonsurvivors were typically critically ill patients who had
to use noninvasive or invasive ventilators and did not undergo
additional CT scans after 2 weeks of hospitalization. If a patient
had multiple CT scans within one of these four time periods, the
first of these scans was used for the analysis.

To investigate the nonlinear temporal evolution of CT findings,
we built generalized additive models with penalized splines [19],
in which the expected value of CT score is related to the scan time
period via a nonparametric smooth function. We estimated the
nonlinear disease progression curves by considering the time of
CT as a continuous predictor. Nonsurvivors were not considered
in this analysis given the lack of data. Nonparametric analysis of
covariance was conducted to test the parallelism of the nonlinear
temporal functions between the groups of survivors with nonse-
vere and severe disease [20]. A change point detection analysis
[21] was performed to estimate the time of peak severity for the
three groups.

Univariable and multivariable logistic regression analyses were
performed to assess the association between the risk factors and
patient outcome. To avoid overfitting, four variables were cho-
sen for the multivariable prediction model on the basis of pre-
vious research findings and clinical constraints. In the multivari-
able model, the CT visual severity score was classified as none or
mild (score 0-5), moderate (score 6-10), or severe (score 11-15).
Correlation analysis of the predictors was conducted to avoid the
multicollinearity in a regression model. Following the guidelines
of the Transparent Reporting of a multivariable prediction mod-
el for Individual Prognosis or Diagnosis (TRIPOD) statement [22],
bootstrap internal validation was conducted for the model, in-
cluding an evaluation of the model’s discriminative ability and
calibration [23]. An online risk calculator was created based on
the model [24]. The source code for this online risk calculator is
available in the Supplemental Methods, which can be viewed in
the AJR electronic supplement to this article, available at www.
ajronline.org.

External validation was then performed using an independent
external cohort to evaluate the overall accuracy of the model.
For this external cohort, 135 hospitalized patients with COVID-19
were retrospectively identified from a fourth hospital designated
for COVID-19 in Hubei during the same time period as the cohort
from the other three hospitals. Data were collected for these pa-
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TABLE 1: Clinical Characteristics of the Study Patients According to Coronavirus Disease (COVID-19)

Severity and Survival

Survivors With
Total Patients Nonsevere Disease Survivors With Severe Nonsurvivors
Characteristic (n=161) (n=91) Disease (n = 55) (n=15) p?
Age (y) 42.0(33.0-57.0) 37.0(30.5-45.5) 53.0(39.0-62.5) 72.0 (64.5-74.5) <.001
Sex .02
Female 72 (44.7) 49 (53.8) 20(36.4) 3(20.0)
Male 89(55.3) 42 (46.2) 35(63.6) 12 (80.0)
Weight (kg) 62.0 (53.3-70.0) 60.0 (52.0-70.0) 65.0 (59.5-73.0) 60.0 (60.0-64.3) .07
Medical staff 40 (24.8) 28(30.8) 12(21.8) 0(0) .02
Comorbidity
Hypertension 21(13.0) 2(2.2) 10(18.2) 9(60.0) <.001
Diabetes 6(3.7) 0(0) 5(9.1) 1(6.7) .007
CVvD 4(2.5) 0(0) 2(3.6) 2(13.3) .008
CKD 2(1.2) 0(0) 0(0) 2(13.3) .008
Immunodeficiency 5@3.1) 1(1.0) 1(1.8) 3(20.0) .006
Signs and symptoms
Fever 136 (84.5) 73(80.2) 49 (89.1) 14 (93.3) .28
Muscular soreness 47 (29.2) 25(27.5) 18(32.7) 4(26.7) .81
Dry cough 78 (48.4) 45 (49.5) 28 (50.9) 5(33.3) 46
Fatigue 59 (36.6) 30(33.0) 17 (30.9) 12(80.0) .001
Diarrhea 10(6.2) 3(3.3) 4(7.3) 3(20.0) .05
Emesis 3(1.9) 1(1.1) 1(1.8) 1(6.7) .29
Expectoration 30(18.6) 14 (15.4) 12(21.8) 4(26.7) 40
Hemoptysis 5(3.0) 2(2.2) 2(3.6) 1(6.7) 37
Headache 14(8.7) 7(7.7) 6(10.9) 1(6.7) .83
Rhinorrhea 5.1 4(4.4) 1(1.8) 0(0) 79
Dyspnea 9(5.6) 1(1.1) 1(1.8) 7 (46.7) <.001
Nasal congestion 3(1.9) 3(3.3) 0(0) 0(0) 47
Chest tightness 28 (17.4) 14 (15.4) 12(21.8) 2(13.3) 64
Temperature (°C) 37.50 (36.80-38.20) 3740 (36.75-38.20) 3790 (37.15-38.30) 37.20 (36.40-38.20) 16
SBP (mm Hg) 120.00 (117.00-130.00) 120.00 (116.00-126.50) 123.00 (116.50-130.00) 130.00 (126.00-137.50) .004
DBP (mm Hg) 75.00 (70.00-80.00) 75.00 (70.00-80.00) 73.00 (69.00-80.00) 80.00 (77.00-84.50) .09
HR (beats/min) 87.00 (79.00-98.00) 85.00 (78.50-96.00) 90.00 (78.00-101.50) 89.00 (82.00-99.00) 32
RR (breaths/min) 20.00 (18.00-20.00) 20.00 (18.00-20.00) 20.00 (19.00-22.00) 22.00 (20.00-25.50) <.001

Note—Data are the median (interquartile range) or number of patients (percentage) unless otherwise indicated. CVD = cardiovascular disease, CKD = chronic kidney
disease, SBP = systolic blood pressure, DBP = diastolic blood pressure, HR = heart rate, RR = respiratory rate.
Values compare patients with nonsevere disease, survivors with severe disease, and nonsurvivors with severe disease and are calculated from chi-square test, Fisher

exact test, or Kruskal-Wallis test.

tients using the same method as described for the internal co-
hort. Two readers (W.H., a pulmonologist with 20 years of experi-
ence, and a nonauthor radiologist with 20 years) independently
reviewed these patients’ CT images, which were obtained at the
time of hospital admission, and provided a single CT visual sever-
ity level: none or mild, < 50% involvement; moderate, 50-75% in-
volvement; or severe, > 75% involvement.

All analyses were performed using the R software program
(version 3.6.3, R Foundation for Statistical Computing). The level
of statistical significance was set at p < .05 (two-tailed).

86

Results
Clinical Characteristics and Laboratory Findings

A total of 161 hospitalized patients (55.3% [89/161] men and
44.7% [72/161] women) who underwent at least two CT scans fol-
lowing admission were included (Table 1). The median age was
42.0years (IQR, 33.0-57.0 years). The most common symptoms on
admission were fever (84.5%) and cough (48.4%); vomiting (1.9%)
and diarrhea (6.2%) were uncommon.

On admission, COVID-19 was nonsevere in 56.5% of patients
(91/161) and severe in 43.5% (70/161). Of patients with severe dis-
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TABLE 2: Laboratory Test Results for Patients With Coronavirus Disease (COVID-19) on Admission to

Hospital, Stratified by Patient Group

Survivors With Survivors With
Total Patients |Nonsevere Disease| Severe Disease Nonsurvivors

Test Normal Values (n=161) (h=91) (n=55) (n=15) p?

WBC count (x 10°/L) 3.5-9.5 4.38(3.39-5.62) 4.22 (3.38-5.11) 4.40(3.29-5.96) 6.77 (4.07-7.91) .01
>10 53.0) 0(0.0) 3(5.5) 2(13.3) .009

<4 65 (40.4) 41 (45.0) 21(38.2) 3(20.0) 17
Neutrophil count (x 10°/L) 1.8-6.3 2.85(2.05-3.90) 2.52(1.87-3.49) 3.13(2.07-4.31) 6.17 (3.23-6.93) <.001
Lymphocyte count (x 10%/L) 1.1-3.2 0.98 (0.68-1.27) 1.07 (0.89-1.39) 0.83 (0.64-1.18) 0.44 (0.38-0.77) <.001

<15 142 (88.2) 76 (83.5) 52(94.5) 14(93.3) .09

Monocyte count (x 10%/L) 0.1-0.6 0.39(0.26-0.49) 0.41 (0.27-0.50) 0.36 (0.26-0.50) 0.21 (0.18-0.42) .04

Platelet count (x 10°/L) 125-350 166.0 (129.0-197.0) 164.0 (131.0-192.0) 178.0 (134.0-202.0) 104.0 (90.0-172.5) .05

<150 60 (37.3) 34(37.4) 17 (30.9) 9(60.0) 12
Procalcitonin (ng/mL) <0.05 0.030 (0.025-0.090) 0.025 (0.025-0.050) 0.055 (0.025-0.092) 0.485(0.218-1.377) | <.001
>0.05 61 (37.9) 22(24.2) 27 (49.1) 12 (80.0) <.001
p-Dimer (mg/L) 0-0.5 0.22(0.13-0.55) 0.17 (0.12-0.30) 0.28 (0.16-0.64) 1.12 (0.43-9.29) <.001
>0.5 35(21.7) 11 (12.1) 14 (25.5) 10 (66.7) <.001

Prothrombin time (s) 9.4-12.5 12.30(11.55-13.05) 12.35(11.50-12.80) 12.45 (11.60-13.20) 12.30(11.75-13.60) .56

ALT (U/L) 9-50 24.5(17.7-35.3) 22.0(16.0-29.8) 28.0 (20.8-42.5) 22.5(171-53.0) .03

AST (U/L) 15-40 22.0(16.0-30.8) 20.6 (15.0-26.5) 24.0 (16.0-37.5) 29.5(22.0-40.9) .03
Total bilirubin (umol/L) 5-21 9.3(7.2-11.8) 8.9(7.1-11.5) 94 (7.3-11.8) 13.2(10.1-16.5) .007
BUN (mmol/L) 2.8-76 4.04 (3.27-4.99) 3.81(3.07-4.42) 4.20(3.33-5.04) 6.80 (4.94-10.53) <.001
Creatinine (umol/L) 64-104 69.2 (56.2-83.3) 66.7 (53.1-79.9) 71.5(60.2-82.1) 88.1 (63.7-107.5) .009

Creatine kinase (U/L) <171 74.2 (47.0-130.0) 70.0 (43.6-117.0) 87.0 (60.0-136.0) 106.0 (54.0-209.5) 12

Creatine kinase-MB (U/L) <25 10.7 (8.0-14.0) 10.0 (8.0-13.3) 10.0 (8.0-13.6) 19.4 (11.5-25.0) .02
LDH (U/L) 125-243 191.0 (152.8-325.0) 172.0 (139.5-210.5) 242.0 (164.0-343.0) 452.0(376.5-633.5) | <.001
H;gh-/serc)sitivity troponin | <262 9.90 (3.20-20.00) 8.00 (3.00-10.00) 6.70 (3.00-15.60) 22.80(8.50-58.20) .007

pg/m

Note—Data are the median (interquartile range) or number of patients (percentage) unless otherwise indicated. ALT = alanine aminotransferase, AST = aspartate
aminotransferase, BUN = blood urea nitrogen, MB = myocardial band, LDH = lactate dehydrogenase.
3Values compare patients with nonsevere disease, survivors with severe disease, and nonsurvivors with severe disease and are calculated from the Kruskall-Wallis test.

ease at admission, 38.6% (27/70) were admitted or transferred to
an ICU, 21.4% (15/70) died, and 78.6% (55/70) recovered and were
discharged. The survivors with severe disease and the nonsurvi-
vors were both significantly older (median age, 53.0 years [IQR,
39.0-62.5 years] and 72.0 years [IQR, 64.5-74.5 years], respective-
ly) than the survivors with nonsevere disease (median age, 37.0
years [IQR, 30.5-45.5 years]; p < .001). The survivors with severe
disease and nonsurvivors were also more likely to have underly-
ing comorbidities (40.0% [22/55] and 86.7% [13/15], respectively)
compared with survivors with nonsevere disease (15.4% [14/91];
p <.001). The nonsurvivors had significantly higher systolic blood
pressure (p = .004) and respiratory rate (p < .001) on admission
compared with the other two groups.

Table 2 shows the laboratory findings on admission. Lympho-
cytopenia (lymphocyte count < 1.5 x 10°/L) was present in 88.2%
of the cohort, leukopenia (WBC count < 4.0 X 10°/L) in 40.4%, and
thrombocytopenia (platelet count < 150 x 10°/L) in 37.3%. WBC
count, neutrophil count, b-dimer, aspartate aminotransferase, to-
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tal bilirubin, blood urea nitrogen, creatinine, creatine kinase myo-
cardial band, lactate dehydrogenase, and high-sensitivity tropo-
nin were significantly different among the three groups, showing
progressive increases from survivors with nonsevere disease to
survivors with severe disease to nonsurvivors (p < .05).

Longitudinal CT Findings

All patients showed abnormal CT findings during the course of
their disease (Table 3). The median CT visual lung severity score
in the first week of hospitalization was 2.0 in survivors with non-
severe disease, 4.0 in survivors with severe disease, and 11.0 in
nonsurvivors. In week 1, a peripheral distribution was observed
in 83.1% survivors with nonsevere disease, 73.7% of survivors
with severe disease, and 11.1% of nonsurvivors. A total of 36.1%
of survivors with nonsevere disease had three or more lobes af-
fected compared with 65.8% of survivors with severe disease and
100.0% of nonsurvivors. GGO without consolidation was the most
common pattern for all three groups (76.3-88.9%); in comparison,
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CT Visual Severity Score in COVID-19 Patients
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Fig. 1—Box-and-whisker plots show CT visual severity scores by time interval for survivors with nonsevere coronavirus disease (COVID-19) (left, red), survivors with
severe disease (middle, green), and patients who did not survive (right, blue). Upper and lower limits of whiskers indicate represent 1.5 times interquartile range above

and below upper and lower quartiles, respectively, and dots indicate outliers.

11.1-18.4% had GGO with consolidation in week 1. In week 2,
73.1-100.0% had bilateral lung involvement and 25.6-46.0% had
GGO with consolidation. These percentages of patients showing
GGO with consolidation were similar in week 3. In week 4, 2.5% of
survivors with nonsevere disease and 41.7% of survivors with se-
vere disease showed GGO with consolidation.

Figure 1 displays the temporal evolution of CT visual severity
scores according to disease severity. For survivors with both nonse-
vere and severe disease, the CT visual severity score reached a peak
in week 2 after symptom onset and then decreased progressive-
ly in weeks 3 and 4. Nonsurvivors showed much higher CT visual
severity scores compared with survivors and no visually apparent
decrease between weeks 1 and 2. Figure 2 displays the regression
curve fits for survivors with nonsevere and severe disease. The two
curves were not parallel (p <.001), indicating different disease evo-
lution patterns between the two groups. Change point detection
analysis showed that the peak CT visual severity score for survivors
with nonsevere disease on admission was reached approximate-
lyf 9 days (95% Cl, 7-11) from symptom onset, whereas the peak
score for survivors with severe disease was reached approximately
12 days (95% Cl, 11-14) from symptom onset.

Representative serial CT images from patients with nonsevere
and severe disease are shown in Figures S1 and S2, respectively,
which can be viewed in the AJR electronic supplement to this ar-
ticle, available at www.ajronline.org.

Risk Factors Associated With the Composite Complications
and a Prognostic Model

A total of 77.0% of patients (124/161) had no complications of
COVID-19,and 23.0% (37/161) had at least one complication. Com-
plications included ARDS (20.5%), AKI (7.5%), liver dysfunction
(6.8%), acute cardiac injury (6.8%), septic shock (6.2%), arrhyth-
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mia (5.6%), and secondary infection (3.1%) (Table S1, which can
be viewed in the AJR electronic supplement to this article, avail-
able at www.ajronline.org). All complications were significantly
more common (p < .001) in patients with severe disease. In uni-
variable logistic regression analysis (Table 4), age, sex, respiratory
rate, neutrophil count, lymphocyte count, procalcitonin, o-dimer
levels over 1 mg/L, alanine aminotransferase, creatinine, lactate
dehydrogenase, and the first CT severity score following admis-
sion were all associated with the composite complication end-
point (p <.05).

The multivariable model for predicting in-hospital complica-
tions was constructed using the following four variables: age, sex,
lymphocyte count, and the first CT visual severity score after ad-
mission (Table 4). In the model, the factor with the highest odds
for predicting in-hospital complications was the CT visual severi-
ty score (odds ratio, 5.86 [95% Cl, 1.70-20.23] for moderate score
[p = .005] and 31.28 [95% Cl, 2.97-329.80] for severe score [p =
.004]). Complications were also significantly associated with old-
er age (odds ratio, 1.09 [95% Cl, 1.09-1.14] per 1-year increase; p <
.001) and lower lymphocyte count (odds ratio, 0.03 [95% Cl, 0.00—
0.29] per 1 x 10%/L increase; p = .002). Sex was not a significant in-
dependent predictor in this model (p = .45).

Internal and External Model Validations

The internal bootstrap validation of the model for predicting
in-hospital complications showed a bias-corrected C-index of
0.94 (Fig. S3, which can be viewed in the AJR electronic supple-
ment to this article, available at www.ajronline.org). In the cali-
bration plot (Fig. S4, also available in the AJR electronic supple-
ment to this article at www.ajronline.org), predicted probabilities
closely matched the actual probabilities, indicating that the mod-

el performed reasonably well. Although slight underprediction
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Fig. 2—Nonlinear regression curve fits with 95% Cls. Graphs show lung CT visual severity scores for survivors with nonsevere coronavirus disease (COVID-19) (left)
and survivors with severe disease (right). Peak CT score occurred approximately 9 days from symptom onset (95% Cl, 7-11 days) for patients with nonsevere disease
compared with 12 days (95% Cl, 11-14 days) for survivors with severe disease. Gray dots and lines represent CT visual severity scores for individual patients; curved blue

lines and shaded areas represent estimated mean functions and 95% Cls, respectively.

or overprediction occurred at lower predicted probabilities (< .5),
the prediction was highly accurate at higher predicted probabil-
ities (= .5).

Tables S2-S4 (which can be viewed in the AJR electronic sup-
plement to this article, available at www.ajronline.org) present the
demographic, laboratory, and outcome variables, respectively, for
the 135 patients in the external validation cohort from a different
hospital. The median age was 53.0 years (IQR, 38.0-66.0 years).
This cohort included 70 (51.9%) men and 65 (48.1%) women. The
weighted kappa interreader agreement between the two readers
for the CT-based visual severity level was 0.83 (95% Cl, 0.73-0.92).

In the external validation cohort, the prediction model showed
a CG-index of 0.95 and 0.92 using the CT visual severity scores from
the two readers (Fig. S5, which can be viewed in the AJR elec-
tronic supplement to this article, available at www.ajronline.org).
When using p > .5 as the cut point for predicting complications
on the basis of the CT scores, reader 1 achieved an accuracy of
86.7%, sensitivity of 75.6%, and specificity of 91.5%, whereas
reader 2 achieved an accuracy of 85.2%, sensitivity of 70.7%, and
specificity of 91.4%.

20

Discussion

We found that a CT visual severity score is associated with pa-
tients’ clinical disease severity and shows characteristic temporal
changes over the course of disease progression after hospital ad-
mission. Further, the CT visual severity score in combination with
several clinical variables on admission accurately predicts in-hos-
pital complications in patients with COVID-19.

This study cohort is representative of patients who acquired
COVID-19 and required hospitalization in Hubei, China. We built
the prediction model using data from serial CT scans and the com-
plete medical records for 161 patients with SARS-CoV-2 pneumo-
nia. We then performed model validation using admission CT and
clinical information for an independent sample of 135 patients.

The CT visual severity score may assist with the diagnosis and
treatment of patients with COVID-19. Serial CT scans could moni-
tor the progression or improvement of lung lesions during treat-
ment, which dynamically reflects therapeutic effects. For ex-
ample, we identified different temporal patterns for this score
between patients with nonsevere disease and survivors with se-
vere disease (peak scores occurring at at approximately 9 vs 12
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TABLE 4: Risk Factors Associated With the In-Hospital Composite Endpoint

CT Visual Severity Score in COVID-19 Patients

Univariable Multivariable
Variable Odds Ratio (95% Cl) p Odds Ratio (95% Cl) p
Age (y) 1.12(1.08-1.17) <.001 1.09 (1.04-1.14) <.001
Sex (reference: female)
Male 2.29(1.04-5.03) .04 1.58 (0.48-5.20) 45
Respiratory rate (breaths/min) 1.31 (1.12-1.54) .001
WBC count (x 10%/L; reference: > 4)
<4 0.73 (0.34-1.56) 41
Neutrophil count (x 10%/L) 1.60 (1.27-2.02) <.001
Lymphocyte count (x 10°/L) 0.01 (0.00-0.07) <.001 0.03 (0.00-0.29) .002
Monocyte count (x 10%/L) 0.49 (0.08-3.00) 44
Platelet count (x 10%/L; reference: = 150)
<150 1.39 (0.66-2.93) .39
Procalcitonin (ng/mL; reference: < 0.05)
>0.05 3.72(1.73-8.00) .001
p-Dimer (mg/L; reference: < 0.5)
0.5-1 1.58 (0.45-5.52) .55
>1 5.96 (2.10-16.94) .001
Alanine aminotransferase (U/L) 1.01 (1.00-1.02) .03
Creatinine (umol/L) 1.05 (1.02-1.07) <.001
Lactate dehydrogenase (U/L) 1.01 (1.01-1.02) <.001
CT severity score? (reference: score < 5)
Moderate (6-10) 13.24 (4.89-35.85) <.001 5.86 (1.70-20.23) .005
Severe (> 10) 176.57 (19.98-1560.37) <.001 31.28 (2.97-329.80) .004

2First CT visual severity score after admission.

days, respectively). Compared with the studies by Shi et al. [7]
and Wang et al. [9], our findings provide better insights into the
association of the evolution of CT findings with clinical disease
severity. In survivors with nonsevere disease, chest CT abnormal-
ities worsened in approximately the first 9 days and then grad-
ually improved. In survivors with severe disease, the peak was
reached in approximately 12 days. Thus, a poor prognosis should
be expected if chest CT findings do not show improvement with-
in approximately 2 weeks of initial symptom:s.

We developed a prognostic model to predict major complica-
tions or death using four readily-obtained factors: age, sex, lym-
phocyte count, and CT visual severity level. We selected these
factors on the basis of the following considerations: possible un-
availability of more complex laboratory values on admission, pre-
vious research findings [4, 5, 8, 25], and ease of use of the model.
CT visual severity level was stratified as less than 50%, 50-75%,
and more than 75% pulmonary involvement. Radiologists can
easily provide this classification by reviewing an admission chest
CT scan. A review by Wynants et al. [26] found that many predic-
tion models for COVID-19 are poorly reported and at high risk of
bias. Nonetheless, our model, which is publicly available online
[24], followed the TRIPOD guidelines and showed high discrimi-
nation on both internal and external validations.
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Our study has some limitations. First, because of the retrospec-
tive study design, we evaluated patients who underwent serial
CT scans, which were not based on a predefined protocol but
were ordered based on clinical need. This design introduces a
selection bias. The included patients were admitted to hospitals
between January 10, 2020, and February 7, 2020, during the early
period of the COVID-19 epidemic in Hubei. During this time peri-
od, there was a limited supply of medical resources, such as hos-
pital beds, ICU beds, and ventilators. Moreover, the mortality rate
in our cohort was higher than the global estimate. Patients recov-
ering more quickly were likely to undergo fewer serial CT scans.
Therefore, the estimate of the peak CT severity applies only to pa-
tients ill enough to undergo serial imaging. Second, the sample
size is limited. Third, serial laboratory tests were not obtained in
all patients, precluding our ability to create a dynamic prediction
model. Fourth, we did not assess the impact of the use of differ-
ent CT scanners.

Conclusion

A CT visual severity score is associated with patients’ clinical
disease severity and evolves in a characteristic fashion over the
course of hospitalization. A prognostic model based on the CT
visual severity score and readily available clinical variables shows
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strong performance in predicting in-hospital complications. This
prognostic model may help identify patients at highest risk of
poor outcomes and guide early intervention.
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Editorial Comment on “Multicenter Study of Temporal Changes and Prognostic Value of a CT Visual Severity Score
in Hospitalized Patients With Coronavirus Disease (COVID-19)”

The authors analyzed the clinical course and CT findings of a
cohort of patients from three hospitals in Hubei Province and de-
veloped a model to predict in-hospital complications. Important-
ly, this model was then validated using a separate cohort of pa-
tients from a fourth hospital. Use of separate datasets to validate
predictive models is often neglected in the radiology literature,
and failure to do so results in falsely high sensitivity, specificity,
and accuracy of the proposed model.

How might this validated model be of use to referring clinicians
and radiologists? The latest WHO guidelines highlight the lack of
available evidence to guide the use of imaging in the treatment
of patients with COVID-19 [1]. As existing potential therapies are
developed and new therapies are introduced, determining at
what stage and at what level of clinical severity these therapies
are best used will be important. The apparent significant prog-
nostic value of the severity of CT abnormalities may prove valu-
able in guiding the use of candidate therapies in clinical trials and
in selecting the patient populations most likely to benefit.

If CT does prove useful in guiding therapy, the authors’ CT se-
verity index is simple to calculate and could easily be incorporat-

ed into a radiology report. Moreover, the authors and the Cleve-

land Clinic have provided an online calculator based on their

model [2]. This model contains four input variables: the CT severi-

ty score as described in the article and the patient’s sex, age, and
lymphocyte count.
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