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Abstract
Objective The aims of this study were to develop a multiparametric prognostic model for death in COVID-19 patients and to
assess the incremental value of CT disease extension over clinical parameters.
Methods Consecutive patients who presented to all five of the emergency rooms of the Reggio Emilia province between
February 27 and March 23, 2020, for suspected COVID-19, underwent chest CT, and had a positive swab within 10 days were
included in this retrospective study. Age, sex, comorbidities, days from symptom onset, and laboratory data were retrieved from
institutional information systems. CT disease extension was visually graded as < 20%, 20–39%, 40–59%, or ≥ 60%. The
association between clinical and CT variables with death was estimated with univariable and multivariable Cox proportional
hazards models; model performance was assessed using k-fold cross-validation for the area under the ROC curve (cvAUC).
Results Of the 866 included patients (median age 59.8, women 39.2%), 93 (10.74%) died. Clinical variables significantly
associated with death in multivariable model were age, male sex, HDL cholesterol, dementia, heart failure, vascular diseases,
time from symptom onset, neutrophils, LDH, and oxygen saturation level. CT disease extension was also independently asso-
ciated with death (HR = 7.56, 95% CI = 3.49; 16.38 for ≥ 60% extension). cvAUCs were 0.927 (bootstrap bias-corrected 95% CI
= 0.899–0.947) for the clinical model and 0.936 (bootstrap bias-corrected 95% CI = 0.912–0.953) when adding CT extension.
Conclusions A prognostic model based on clinical variables is highly accurate in predicting death in COVID-19 patients. Adding
CT disease extension to the model scarcely improves its accuracy.
Key Points
• Early identification of COVID-19 patients at higher risk of disease progression and death is crucial; the role of CT scan in
defining prognosis is unclear.

• A clinical model based on age, sex, comorbidities, days from symptom onset, and laboratory results was highly accurate in
predicting death in COVID-19 patients presenting to the emergency room.

• Disease extension assessed with CT was independently associated with death when added to the model but did not produce a
valuable increase in accuracy.
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Abbreviations
BBC Bootstrap bias-corrected
BMI Body mass index
CI Confidence interval
COPD Chronic obstructive pulmonary disease
COVID-19 Coronavirus disease 2019
CRP C-reactive protein
cvAUC Cross-validated area under the ROC curve
HDL High-density lipoprotein
HR Hazard ratio
LDH Lactate dehydrogenase
LDL Low-density lipoprotein
RT-PCR Reverse transcription-polymerase chain

reaction
SO2 Oxygen saturation level

Introduction

The clinical course of coronavirus disease 2019 (COVID-19)
is variable; most patients experience a mild disease course, but
a minority rapidly deteriorates to severe or critical illness [1].
The case fatality rate during the first peak of the pandemic was
over 10% inmost European countries [2], reaching 20% in our
region in the first weeks of the pandemic once 30-day follow-
up had been completed for all cases [3, 4]. These rates largely
overestimate the real fatality rate of the whole spectrum of
SARS-CoV-2 infections because only severe cases were test-
ed by polymerase chain reaction (RT-PCR) in that period.
Nevertheless, in March–April 2020 in northern Italy, 30-day
survival of hospitalized COVID-19 patients was just over
70% [5].

Early identification of patients at higher risk of disease
progression and death is crucial. Effective predictive models
based on risk factors for death would help clinicians decide
who needs hospitalization and what intensity of care each
patient needs. Over the long term, this positive effect on clin-
ical decision-making may improve patient management and
outcome and may increase the appropriateness of resource
utilization.

Different prognostic models to predict mortality, length of
hospital stay, and critical illness have been proposed that use
several clinical and laboratory variables, including age, male
sex, comorbidities, C-reactive protein, lactic dehydrogenase,
and lymphocyte count [1, 6–9]. However, the studies propos-
ing these models often lacked an adequate description of the
study population, were generally conducted on hospitalized
patients only, and frequently excluded from any analysis those

patients who had neither recovered nor died within the time
period considered for outcome assessment [6].

Chest imaging, especially by means of computed tomogra-
phy (CT), was used during the COVID-19 outbreak to rapidly
identify patients with COVID-19 pneumonia while waiting
for diagnostic RT-PCR confirmation and to assess disease
extension at baseline [10, 11]. Some studies have reported
on the potential prognostic value of CT findings, especially
disease extension assessed by means of visual estimation or
software quantification [12–15].

The few studies that combined clinical, laboratory, and CT
findings in predictive prognostic models [16–19] showed in-
consistent results: some suggested a better performance of the
model when adding CT [16]; others showed that CT findings
had insufficient prognostic power to be selected in multivari-
able models [18].

The aims of this study were to develop a multiparametric
prognostic model for death in COVID-19 patients and to as-
sess the incremental value of CT disease extension over clin-
ical parameters.

Methods

Setting

In Reggio Emilia province (Northern Italy, 532,000 inhabi-
tants), public hospital care is provided by six hospitals, with
five emergency rooms and one radiology department with
centralized imaging reading. Access to the emergency room
is possible only in public hospitals. The first case of SARS-
CoV-2 infection was diagnosed on February 27, 2020. Up to
March 24, 2020, there were 1399 RT-PCR-confirmed
COVID-19 cases and the daily number of new cases was still
rising.

Study design and population

This observational study was approved by the Area Vasta
Emilia Nord Ethics Committee on April 7, 2020 (protocol
number 2020/0045199). Given the retrospective nature of
the study, the Ethics Committee authorizes the use of a pa-
tient’s data without his/her informed consent if all reasonable
efforts have been made to contact that patient. We included all
consecutive patients who presented to the provincial emergen-
cy rooms (ERs) between February 27 andMarch 23, 2020, for
suspected COVID-19, underwent chest CT at ER presenta-
tion, and were positive on RT-PCR for SARS-CoV-2 within
10 days from ER presentation. Given the organization of
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emergency hospital assistance in our province and the inclu-
sion criteria, the study design was population-based.

During the COVID-19 outbreak, the diagnostic protocol
for suspected COVID-19 patients presenting to the ER in-
cluded nasopharyngeal/oropharyngeal swabs for RT-PCR,
blood tests, chest X-rays, and CT in cases of suggestive X-
rays or negative X-rays but with highly suggestive clinical
features. A structured CT report was introduced on
March 13, 2020. Baseline cross-sectional data of patients
presenting to the ER between March 13 and 23, 2020, were
used for the assessment of CT diagnostic accuracy in an-
other study [20] which also included patients with negative
RT-PCR.

Data collection

Data including date of symptom onset, diagnosis, hospitaliza-
tion, and death were retrieved from the COVID-19
Surveillance Registry, coordinated by the National Institute
of Health and implemented in each Local Health Authority.
Registry data were linked with the hospital radiology infor-
mation system to search for CTs performed at or after the
onset of COVID symptoms and with hospital discharge data-
bases to collect information on comorbidities. The Charlson
Comorbidity Index (CCI) was used to evaluate the impact of
comorbidities. The CCI was calculated based on hospital
admissions in the previous 10 years as a weighted measure
incorporating 17 different comorbidities, each of which
weighted according to its potential impact on mortality [21].
Vascular diseases included atherosclerosis, aortic aneurysms,
peripheral artery disease, and peripheral or abdominal embo-
lism. Diabetes was ascertained through linkage with the local
Diabetes Registry [22]. Since bodymass index (BMI) or other
measures of body composition, which are known negative
prognostic factors for COVID-19 [23], were not available,
the most recent lipid profile (measured in 2015–2018 and
including total, low-density lipoprotein (LDL), and high-
density lipoprotein (HDL) cholesterol and triglycerides) was
used to estimate metabolic risk factors as a pre-existing
condition.

Symptoms (fever, cough, dyspnea/polypnea, headache,
myalgia/arthralgia, fatigue, syncope, gastrointestinal symp-
toms, other symptoms) and body temperature at ER pre-
sentation were manually collected from medical records
only for the subset of patients presenting between
February 27 and March 13, 2020. Fever was defined as
a body temperature > 37.5 °C, or, when this value was
not available, self-reported fever in the preceding days.
Dyspnea/polypnea was defined as a respiratory frequency
> 18 breaths per minute or reported dyspnea in the pre-
ceding 10 days.

Blood tests and RT-PCR

Blood tests at ER presentation were retrieved from the labo-
ratory information system as indicators of clinical condition at
admission. The levels of C-reactive protein (CRP), lactate
dehydrogenase (LDH), white blood cell, lymphocyte, neutro-
phil, and platelet counts measured at ER presentation were
collected. Oxygen saturation level (SO2) was also collected
for patients who had an arterial blood gas analysis before
being provided with oxygen support. The tests were carried
out in the Hospital Clinical Laboratories with routine automat-
ed methods.

To diagnose SARS-CoV-2 infection, a commercial One-
Step Reverse Transcription RT-PCR (GeneFinder™ COVID-
19 PLUS RealAmp Kit) was used and RT-PCR assay was
performed on an Applied Biosystems 7500 Sequence
Detection System.

CT acquisition technique

CT scans were performed using one of three different types of
scanner present in the five hospitals with an ER (128-slice
Somatom Definition Edge, Siemens Healthineers; 64-slice
Ingenuity, Philips Healthcare; 16-slice GE BrightSpeed, GE
Healthcare) without contrast media injection, with the patient
in supine position, during end-inspiration. Scanning parame-
ters were tube voltage 120 kV, automatic tube current modu-
lation, collimation width 0.625 or 1.25 mm, acquisition slice
thickness 2.5 mm, and interval 1.25 mm. Images were recon-
structed with a high-resolution algorithm at slice thickness
1.0/1.25 mm.

CT structured reporting and retrospective analysis

Between March 13 and March 23, 2020, each radiologist
completed a routine CT report and a structured report that
included the presence/absence of ground-glass opacities and
consolidations, and the extension of pulmonary lesions using
a visual scoring system (< 20%, 20–39%, 40–59%, ≥ 60%)
[20].

CTs performed between February 27 and March 13, 2020
(before the introduction of the structured report) were retro-
spectively reviewed by a chest radiologist with 15 years’ ex-
perience (L.S.) to collect the same parameters described
above, including visual scoring. One hundred consecutive
CTs were also reviewed by a radiologist with 3 years’ expe-
rience (G.B.) to assess interrater agreement.

Statistical analyses

The sample size was determined by considering the time pe-
riod in which CT was included in the standard protocol for
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COVID-19 diagnosis in all suspected patients. Continuous
variables were reported as median and interquartile range,
and categorical variables as proportions. Single imputation
procedure using truncated regression adjusted for sex, age,
and comorbidities was used to deal with the problem of any
missing values, and missing values were replaced by the mean
value of the imputations.

Cox proportional hazards models were used to estimate
hazard ratios (HR) with 95% confidence intervals (95% CI)
for death, first by univariable model adjusted for age, sex,
and calendar time (weeks since the beginning of the out-
break). Statically significant clinical, laboratory, and imag-
ing variables were then used to develop two prognostic
multivariable models, with and without CT disease exten-
sion. Sensitivity analyses were performed by stratifying the
models by time since symptom onset (< 8 and ≥ 8 days)
and SO2 levels (< 95% and ≥ 95%) and by excluding
patients aged over 85 years, with CT disease extension
≥ 60%, or who had died within 48 h from admission.
The performance of the models was assessed using receiver
operating characteristic (ROC) curves for 30-day death rate.
On the same original sample, we fitted a logit model and
used k-fold cross-validation to obtain a bias-corrected esti-
mate of predictive accuracy. This technique averages the
AUCs corresponding to each fold and applies the bootstrap
procedure to the cross-validated AUC. We used 10 folds,
with the exception of sensitivity analyses for ≥ 8 days from
symptom onset and SO2 level ≥ 95%, in which we applied
7 and 5 folds respectively, to ensure a minimum outcome
frequency in each test set. We reported cross-validated

mean AUC (cvAUC), and bootstrap bias-corrected (BBC)
95% CI, with and without CT extension.

We used the kappa-statistic measure of weighted interrater
agreement for a double reading of CT disease extension.

We used Stata 13.0 SE (Stata Corporation) software
package.

Results

Study population

We included 866 consecutive subjects (median age 59.8,
women 39.2%) (Fig. 1), 318 of whom enrolled between
February 27 and March 13, 2020. For most of the included
patients (809/866), there was a delay between CT scan and
RT-PCR of 0 to 2 days (Supplementary Table 1). Median
follow-up duration for death was 43 days. During follow-up,
93 (10.74%) patients died (89 in hospital and 4 after discharge
to an elderly care residential facility), while 363 (41.92%)
were hospitalized.

Patients’ pre-existing conditions, along with clinical, labo-
ratory, and CT findings at ER presentation in the whole cohort
and in patients who died and who were hospitalized, are re-
ported in Table 1. Supplementary Table 2 reports the same
variables using original data without multiple imputation to
address missing values. For CT disease extension, the
interrater concordance was excellent (weighted kappa 0.91)
(Supplementary Table 3).

Fig. 1 Flow diagram representing
patient selection. ER, emergency
room; RT-PCR, reverse
transcription-polymerase chain
reaction
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Table 1 Patients’ pre-existing conditions, and clinical, laboratory, and CT findings at admission

Variables All patients Deaths Hospitalizations

n (%) p* n (%) p*
866 93 (10.74) 363 (41.92)

Age (years) 59.8 (50.2–72.5) 80.6 (72.0–85.9) < 0.001** 71.3 (60.4–80.0) < 0.001**

Female sex 339 (39.15) 18 (19.35) < 0.001 119 (32.78) 0.001

Total cholesterol (mg/dl) 200.6 (181–210) 181.7 (157–199.5) < 0.001** 195.0 (170–207.8) < 0.001**

Calendar time (Week 1) 36 (4.16) 8 (8.6) < 0.001 27 (7.44) < 0.001

(week 2) 167 (19.28) 40 (43.01) 123 (33.88)

(Week 3) 314 (36.26) 25 (26.88) 128 (35.26)

(Week 4) 349 (40.30) 20 (21.51) 85 (23.42)

HDL cholesterol (mg/dl) 52 (47–61) 48 (41–53) < 0.001** 51 (43–58) < 0.001**

LDL cholesterol (mg/dl) 125 (110–135) 109 (85–123) < 0.001** 117 (101–131) < 0.001**

Triglycerides (mg/dl) 110 (90–126) 121 (102–147) 0.001** 114 (92–137) 0.016**

Diabetes 94 (10.85) 18 (19.35) 0.005 71 (19.56) < 0.001

Charlson Comorbidity Index 0 715 (82.56) 45 (48.39) < 0.001 249 (68.60) < 0.001

1 51 (5.89) 13 (13.98) 33 (9.09)

2 47 (5.43) 12 (12.90) 35 (9.64)

3 53 (6.12) 23 (24.73) 46 (12.67)

COPD 22 (2.54) 8 (8.60) < 0.001 19 (5.23) < 0.001

Ischemic cardiopathy 53 (6.12) 22 (23.66) < 0.001 40 (11.02) < 0.001

Dementia 9 (1.04) 6 (6.45) < 0.001 9 (2.48) < 0.001

Chronic kidney failure 8 (0.92) 2 (2.15) 0.209 7 (1.93) 0.011

Cancer 96 (11.09) 20 (21.51) 0.001 59 (16.25) < 0.001

Hypertension 102 (11.78) 29 (31.18) < 0.001 77 (21.21) < 0.001

Obesity 15 (1.73) 4 (4.30) 0.067 9 (2.48) 0.152

Heart failure 27 (3.12) 15 (16.13) < 0.001 25 (6.89) < 0.001

Arrhythmias 48 (5.54) 19 (20.43) < 0.001 36 (9.92) < 0.001

Vascular diseases 11 (1.27) 6 (6.45) < 0.001 9 (2.48) 0.011

Days from symptom onset 7 (4–9) 5 (2–7) < 0.001** 6 (4–8) < 0.001**

White blood cells (10^9/L) 5.11 (4.02–6.56) 5.86 (4.31–7.96) 0.095** 5.36 (3.96–6.89) 0.042**

Lymphocytes (10^9/L) 1.04 (0.77–1.42) 0.82 (0.63–0.97) < 0.001** 0.9 (0.69–1.16) < 0.001**

Neutrophils (10^9/L) 3.66 (2.76–4.58) 4.62 (3.39–6.14) 0.001** 4.00 (2.75–5.30) < 0.001**

Platelets (10^9/L) 181 (146–223) 160.09 (128–201) 0.021** 172 (136–215) 0.040**

C-reactive protein (mg/dl) 3.31 (1.41–8.08) 8.54 (3.78–14.77) < 0.001** 6.26 (2.94–12.79) < 0.001**

LDH (U/L) 500.0 (414.0–575.7) 565.5 (487.0–751.0) < 0.001** 539.0 (474.0–666.0) < 0.001**

SO2 (%) 95.4 (93.8–96.7) 92.8 (89.9–94.8) < 0.001** 93.9 (91.8-95.7) < 0.001**

Ground-glass opacities 837 (96.65) 90 (96.77) 1.000 355 (97.8) 0.112

Consolidation 547 (63.16) 71 (76.34) 0.005 263 (72.45) < 0.001

CT extension < 20% 339 (39.15) 17 (18.28) < 0.001 84 (23.14) < 0.001

20–39% 340 (39.26) 23 (24.73) 143 (39.39)

40–59% 120 (13.86) 24 (25.81) 83 (22.87)

≥ 60% 67 (7.74) 29 (31.18) 53 (14.60)

Subcohort 318 58 (18.24) 205 (64.47)

Body temperature > 37.5 °C 182 (57.23) 36 (62.07) 0.410 130 (63.41) 0.003

Cough 182 (57.23) 22 (37.93) 0.001 121 (59.02) 0.384

Dyspnea/polypnea 122 (38.36) 33 (56.90) 0.001 94 (45.85) 0.000

Headache 8 (2.52) 0 (0) 0.359 4 (1.95) 0.461

Myalgia/arthralgia 22 (6.92) 2 (3.45) 0.390 11 (5.37) 0.142

Fatigue 27 (8.49) 5 (8.62) 1.000 22 (10.73) 0.060
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Associations between clinical, laboratory, and CT
variables with death and hospitalization

Increasing age andmale sex were significantly associatedwith
death (HR = 1.11, 95% CI = 1.1–1.1 and HR = 2.6, 95% CI =
1.55–4.36, respectively) and hospitalization (Table 2).
Probability of death and hospitalization progressively de-
creased as the epidemic went on: ER presentation in the first
compared with the fourth week of the epidemic had an HR for
death of 3.17 (95% CI = 1.39–7.24).

After correcting for age, sex, and calendar time, the
Charlson Comorbidity Index was associated with both death
and hospitalization (HR = 1.38, 95% CI = 1.17–1.63 and HR
= 1.30, 95% CI = 1.17–1.44). Comorbidities significantly as-
sociated with death were ischemic cardiopathy, dementia,
heart failure, obesity, arrhythmias, and vascular diseases,
while diabetes, cancer, COPD, heart failure, arrhythmias,
and dementia were associated with hospitalization. Among
lipid profile data, low HDL and high triglyceride increase
were significantly associated with higher probability of death
and of hospitalization.

Time from symptom onset was inversely associated with
death (HR = 0.88, 95% CI = 0.83–0.94) and hospitalization.
Dyspnea was significantly associated with both death (HR =
1.96, 95% CI = 1.15–3.32) and hospitalization. Among labo-
ratory data, high neutrophil count, CRP and LDH level, and
low SO2 were significantly associated with both death and
hospitalization.

Presence of consolidation at CT was significantly associat-
ed with death (HR = 1.63, 95% CI = 1.00–2.64) and hospital-
ization (HR = 1.52, 95% CI = 1.20–1.92). High CT visual
extension (Fig. 2) was significantly associated with hospitali-
zation for all CT classes and with death for ≥ 60% extension
(HR = 6.68, 95% CI = 3.56–12.56).

Multivariable models for death

Variables which were associated with death in the univariable
analysis and suitable for a prognostic model to be used in all
clinical settings were selected for the multivariable analysis
(Table 3); we did not include the variable “calendar period”
because its predictive value could not be generalized to other
contexts. Demographic and clinical variables that remained
significantly associated with death in the multivariable model
were age, male sex, HDL cholesterol, dementia, heart failure,
vascular diseases, time from symptom onset, neutrophil count,
LDH, and SO2. When adding CT disease extension to the
clinical model, 40–59% and ≥ 60% extensions were signifi-
cantly associated with death (HR = 2.41, 95% CI = 1.18–4.93
and HR = 7.56, 95% CI = 3.49–16.38, respectively), while
male sex, SO2, and LDH were not.

When evaluating the performance of the two multivariate
models in the prediction of death, AUCs were 0.936 (95% CI
= 0.916–0.956) and 0.947 (95% CI = 0.930–0.964) respec-
tively for the clinical model and the model including CT ex-
tension. By applying cross-validation, the clinical model and
the model including CT extension had cvAUCs of 0.927
(BBC 95% CI = 0.899–0.947) and 0.936 (BBC 95% CI =
0.912–0.953) (Fig. 3).

Since previous HDL cholesterol is not always available in
daily clinical practice at ER admission, we also built alterna-
tive models excluding this variable, obtaining similar cvAUCs
(Supplementary Table 4).

Sensitivity analyses and stratifications

When stratifying patients according to time from symptom
onset (< or ≥ 8 days) and to SO2 level (SO2 < 95% or ≥
95%), the cvAUC of the model with CT disease extension

Table 1 (continued)

Variables All patients Deaths Hospitalizations

n (%) p* n (%) p*
866 93 (10.74) 363 (41.92)

Syncope 25 (7.86) 5 (8.62) 0.789 20 (9.76) 0.126

Gastrointestinal symptoms 33 (10.38) 8 (13.79) 0.346 26 (12.68) 0.069

Other symptoms 24 (7.55) 2 (3.45) 0.273 17 (8.29) 0.498

Patients’ pre-existing conditions, along with clinical, laboratory, and CT findings at ER presentation in the whole cohort, and symptoms, including body
temperature at ER presentation, only for the subcohort of patients who presented to the ER between February 27, 2020, andMarch 13, 2020. Continuous
variables are presented as median (IQR), and categorical variables are presented as frequencies (%). Single imputation procedure using truncated
regression adjusted for sex, age, and comorbidities was used to address the problem of missing values for total cholesterol, LDL, HDL, triglycerides,
neutrophils, SO2, and LDH (proportion of missing values of 338/866, 520/866, 329/866, 355/866, 147/866, 130/866, and 208/866, respectively).
*Pearson’s chi-squared test or Fisher exact test and p value for the hypothesis of independence in the two-way table. **p value nonparametric equality-
of-medians test. HDL, high-density lipoprotein; LDL, low-density lipoprotein; COPD, chronic obstructive pulmonary disease; LDH, lactate dehydro-
genase; SO2, oxygen saturation level
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Table 2 Associations of pre-existing conditions, and clinical, laboratory, and CT findings at ER presentation with death and hospitalization, after
adjustment for age, sex, and calendar time

Variables Death Hospitalization

Crude Crude

HR 95% CI HR 95% CI

Age (years) 1.107 1.086–1.128 1.057 1.048–1.065

Sex Female 1 1

Male 2.597 1.548–4.358 1.319889 1.060–1.644

Calendar time Week 4 1 1

Week 3 1.245 0.690–2.245 1.869 1.420–2.460

Week 2 2.846 1.658–4.885 3.841 2.900–5.08722

Week 1 3.173 1.391–7.237 3.239 2.093–5.011

Total cholesterol (mg/dl) 0.996 0.990–1.002 0.996 0.992–0.999

HDL cholesterol (mg/dl) 0.973 0.953–0.993 0.987 0.977–0.997

LDL cholesterol (mg/dl) 0.992 0.984–1.000 0.996 0.992–1.000

Triglycerides (mg/dl) 1.005 1.002–1.008 1.003 1.001–1.005

Diabetes 0.883 0.509–1.530 1.680 1.269–2.223

Charlson Comorbidity Index 1.379 1.168–1.629 1.298 1.172–1.437

COPD 1.716 0.815–3.612 2.624 1.629–4.229

Ischemic cardiopathy 1.891 1.150–3.109 1.057 0.750–1.489

Dementia 6.502 2.702–15.645 3.964 2.010–7.818

Chronic kidney failure 1.277 0.311–5.234 1.490 0.696–3.187

Cancer 1.381 0.840–2.270 1.514 1.142–2.007

Hypertension 1.412 0.900–2.215 1.237 0.947–1.615

Obesity 3.931 1.415–10.924 1.383 0.712–2.689

Heart failure 3.006 1.715–5.270 1.856 1.220–2.823

Arrhythmias 2.347 1.393–3.956 1.475 1.033–2.108

Vascular diseases 3.701 1.570–8.724 1.397 0.717–2.722

Days from symptom onset 0.883 0.828–0.941 0.895 0.867–0.923

White blood cells (10^9/L) 1.019 0.979–1.060 1.009 0.976–1.044

Lymphocytes (10^9/L) 0.971 0.880–1.070 0.981 0.906–1.062

Neutrophils (10^9/L) 1.132 1.040–1.231 1.056 1.007–1.109

Platelets (10^9/L) 0.998 0.996–1.001 0.999 0.998–1.001

C-reactive protein (mg/dl) 1.061 1.031–1.092 1.049 1.033–1.065

LDH (U/L) 1.001 1.000–1.002 1.001 1.000–1.001

SO2 (%) 0.932 0.910–0.956 0.966 0.951–0.981

Ground-glass opacities 0.751 0.234–2.412 0.632 0.311–1.283

Consolidation 1.625 1.002–2.637 1.517 1.201–1.916

CT extension < 20% 1 1

20–39% 0.869 0.457–1.652 1.348 1.024–1.774

40–59% 1.813 0.944–3.481 2.072 1.511–2.841

≥ 60% 6.684 3.557–12.560 2.357 1.643–3.383

Body temperature > 37.5°C 1.325 0.765–2.295 1.679 1.258–2.243

Cough 0.541 0.316–0.926 1.322 0.995–1.756

Dyspnea/polypnea 1.957 1.153–3.321 1.519 1.149–2.009

Headache 0.686 0.253–1.856

Myalgia/arthralgia 0.796 0.189–3.362 0.887 0.481–1.635

Fatigue 1.140 0.448–2.900 1.084 0.694–1.695

Syncope 0.672 0.266–1.696 1.424 0.896–2.263

Gastrointestinal symptoms 1.802 0.812–4.000 1.092 0.715–1.669
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remained only slightly higher than the cvAUC of the clin-
ical model (Supplementary Fig. 1; Table 4). In each re-
stricted population, when excluding patients with CT ex-
tension ≥ 60%, or excluding patients died within 48 h, or
excluding patients older than 85 years, the cvAUC of the
model including CT was slightly higher, with the highest
increase when excluding patients older than 85 years
(cvAUC from 0.929 to 0.943) (Supplementary Fig. 2;
Table 4). Both models presented a higher cvAUC in pa-
tients with SO2 > 95% (cvAUC 0.952; BBC 95% CI =
0.885–0.966 for the model including CT extension).
Finally, when applying the multivariable models to the
subcohort of patients with available data on symptoms,
cough and gastrointestinal symptoms were significantly
assoc ia ted wi th dea th , bo th in the un iva r i ab le
(Supplementary Table 5) and in the multivariable models
without CT disease extension (Supplementary Table 6).
When adding CT disease extension, the associations
remained similar (HR = 0.56; 95% CI = 0.32–0.99 for

cough and HR = 2.70; 95% CI = 1.20–6.10 for gastroin-
testinal symptoms).

Discussion

A clinical multivariable model based on age, sex, comor-
bidities, days from symptom onset, and laboratory test re-
sults was highly accurate in predicting death in COVID-19
patients presenting to the ER (cvAUC = 0.927). The
extension of lung changes evaluated with CT (40–60%
and ≥ 60%) was independently associated with death when
added to the multivariable model. However, when com-
pared to the clinical model, the model including CT disease
extension presented only a slight increase in performance
for the prediction of death (cvAUC = 0.936). The slightly
added prognostic value was substantially similar when
stratifying patients according to time from symptom onset
and SO2 level, or when excluding patients with CT

Table 2 (continued)

Variables Death Hospitalization

Crude Crude

HR 95% CI HR 95% CI

Other symptoms 0.789 0.187–3.335 1.206 0.729–1.994

Univariate associations of demographic and pre-existing conditions, as well as clinical, laboratory, and CT findings at ER presentation, with death and
hospitalization, expressed as HR and respective 95% confidence intervals, adjusted for sex, age, and calendar time. For continuous variables (age,
laboratory tests, Charlson Comorbidity Index, days from symptom onset), results are intended as one-unit increase. Missing values in the cohort are 66
for white blood cells, 148 for lymphocytes, 73 for platelets, and 76 for C-reactive protein. HR, hazard ratio; CI, confidence interval; HDL, high-density
lipoprotein; LDL, low-density lipoprotein; COPD, chronic obstructive pulmonary disease; LDH, lactate dehydrogenase; SO2, oxygen saturation level

Fig. 2 Axial (top row) and coronal (bottom row) CT images representing different CT disease extensions according to visual scoring system: < 20% (a);
20–39% (b); 40–59% (c); ≥ 60% (d)
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extension ≥ 60%, or excluding patients died within 48 h, or
excluding patients older than 85 years. Both models per-
formed better in less severe patients in terms of oxygen
saturation level (SO2 ≥ 95%).

Some clinical prognostic models have been proposed to
predict severe/critical illness: only some had mortality as
an outcome, and most were developed and tested on hos-
pitalized patients only. The cvAUC achieved by our clini-
cal model is similar or higher than those previously report-
ed [1, 6, 9, 18].

As in most previous studies [6, 24], age and male sex
were strong independent risk factors for death in COVID-
19 patients, as was a shorter time between symptom onset
and ER presentation. Most considered comorbidities were
associated with death, but dementia, heart failure, and pe-
ripheral vascular diseases were included in our multivari-
able model. This result confirms the negative impact of
cardiovascular comorbidities on COVID-19 prognosis
[24, 25], while dementia is probably an indicator of frailty
and poor nutritional status, which are typical of older

Table 3 Multivariate models for death, with and without CT extension

Variables Multivariate model without CT Multivariate model with CT

HR 95% CI HR 95% CI

Age (years) 1.083 1.062–1.103 1.092 1.070–1.114

Sex Female 1 1

Male 1.736 1.009–2.989 1.622 0.934–2.819

HDL cholesterol (mg/dl) 0.974 0.955–0.994 0.971 0.952–0.991

Dementia 4.127 1.719–9.908 4.907 1.932–12.460

Heart failure 2.909 1.615–5.241 1.903 1.027–3.527

Vascular diseases 2.781 1.084–7.137 2.749 1.055–7.160

Days from symptom onset 0.894 0.839–0.953 0.868 0.813–0.927

Neutrophils (10^9/L) 1.159 1.067–1.260 1.098 1.009–1.196

LDH (U/L) 1.001 1.000–1.002 1.000 0.999–1.001

SO2 (%) 0.934 0.908–0.962 0.968 0.936–1.001

CT extension < 20% 1

20–39% 1.320 0.664–2.624

40–59% 2.406 1.175–4.928

≥ 60% 7.555 3.485–16.377

Multivariate models (without and with CT extension) including factors associated in univariate analyses.HR, hazard ratio;CI, confidence interval;HDL,
high-density lipoprotein; LDH, lactate dehydrogenase; SO2, oxygen saturation level

Fig. 3 Cross-validated ROC
(receiver operating characteristic)
curves of the prognostic
multivariate models based on
clinical data, without CT
extension (blue line) and clinical
data with CT extension (red line)
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patients, many of whom live in nursing homes. Since the
role of metabolic derangement in COVID-19 patients has
been underlined [25, 26], we evaluated previous lipid pro-
file. Both high triglycerides and low HDL cholesterol
levels were associated with mortality, the latter being in-
cluded in the predictive model. Among laboratory tests,
variables included in the model were neutrophil count,
LDH, and SO2, which reflect different disease pathways
and manifestations, and confirming the results of previous
studies [6, 9, 16].

The potential prognostic role of CT-based assessment of
lung disease extension has been suggested [12–15, 27], and a
few studies have included it in combined prognostic models
[16–19]. Colombi et al found a slightly higher increase in
AUC (from 0.83 to 0.86) when adding CT disease extension
to a clinical model predictive of intensive care unit admission
and/or death [16]. The main differences with our study are the
outcome, the use of a logistic regression analysis rather than a
Cox proportional hazards model, and a different CT assess-
ment method, which focused onwell-aerated lung. Finally, we
used the cross-validation method to account for the lack of an
external validation set. Interestingly, the clinical model pro-
posed by Colombi et al, unlike ours, did not include SO2.

In our study, when adding CT disease extension to the
clinical model, SO2 and LDH were no longer significantly
associated with mortality. This seems to point out that CT
disease extension and SO2 may describe the same phe-
nomenon, with CT allowing a small gain in informational
value, possibly because CT lung changes precede a clini-
cally significant SO2 decrease. However, our results, par-
ticularly the high AUC of the clinical model and the limit-
ed improvement in its performance when adding CT dis-
ease extension, do not seem to support the routine use of
CT for prognostic purposes in COVID-19 patients.
Nevertheless, our results are limited to short-term out-
comes, while the role of CT for the evaluation of long-
term outcomes needs to be more fully explored [28].

The major limitation of this study is the lack of a validation
cohort to test the generalizability of the model. Nevertheless,
in the statistical analyses we adopted the cross-validation, an
internal validation approach for prediction models, used to
generate a more realistic estimate of predictive performance
when the number of observations is not very large [29].
Moreover, although we propose a prognostic model to be
applied to COVID-19 patients presenting to the ER, the study
population was somewhat selected: a small percentage of pa-
tients presenting to the ER did not undergo a CT. This selec-
tion may have introduced a bias if the decision to perform a
CT had been influenced by factors, including comorbidities,
which we used in the prognostic model. If this selection oc-
curred, the consequence is an underestimation of the prognos-
tic value of comorbidities associated with both the probability
of being referred to CT and with death. However, sinceTa
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hospitalization is surely more influenced by these factors than
the decision to perform a CT scan, this kind of bias affects
more the studies conducted on hospitalized patients only. Due
to the retrospective nature of the study, some data were not
easily available: arterial blood gas analysis rather than pulse
oximeter results was used to obtain oxygen saturation level,
and symptomswere collected for a subset of patients only. We
used the most recent lipid profile to evaluate patients’ meta-
bolic conditions, but we lacked BMI, which is generally easier
to obtain in clinical practice. Finally, this study was conducted
in an early phase of the epidemic, before that the prognostic
role of other laboratory data, above all D-dimer [30], had
emerged. These other tests were therefore not collected in this
cohort.

In conclusion, a prognostic model based on sex, age,
pre-existing clinical features, days from symptom onset,
and laboratory test results at ER presentation is highly ac-
curate in predicting mortality in COVID-19. CT-assessed
disease extension is an independent predictive factor for
mortality, but the increase in performance of the prognostic
model when including CT extension is limited. Further
studies are needed to assess the generalizability of the
prognostic model.

Supplementary Information The online version contains supplementary
material available at https://doi.org/10.1007/s00330-021-07993-9.
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