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Abstract
Purpose To test the association between death and both qualitative and quantitative CT parameters obtained visually and by
software in coronavirus disease (COVID-19) early outbreak.
Methods The study analyzed retrospectively patients underwent chest CT at hospital admission for COVID-19 pneumonia
suspicion, between February 21 and March 6, 2020. CT was performed in case of hypoxemia or moderate-to-severe dyspnea.
CT scans were analyzed for quantitative and qualitative features obtained visually and by software. Cox proportional hazards
regression analysis examined the association between variables and overall survival (OS). Three models were built for stratifi-
cation of mortality risk: clinical, clinical/visual CT evaluation, and clinical/software-based CT assessment. AUC for each model
was used to assess performance in predicting death.
Results The study included 248 patients (70% males, median age 68 years). Death occurred in 78/248 (32%) patients. Visual
pneumonia extent > 40% (HR 2.15, 95%CI 1.2–3.85, P = 0.01), %high attenuation area – 700 HU> 35% (HR 2.17, 95%CI 1.2–
3.94, P = 0.01), exudative consolidations (HR 2.85–2.93, 95% CI 1.61–5.05/1.66–5.16, P < 0.001), visual CAC score > 1 (HR
2.76–3.32, 95% CI 1.4–5.45/1.71–6.46, P < 0.01/P < 0.001), and CT classified as COVID-19 and other disease (HR 1.92–2.03,
95% CI 1.01–3.67/1.06–3.9, P = 0.04/P = 0.03) were significantly associated with shorter OS. Models including CT parameters
(AUC 0.911–0.913, 95% CI 0.873–0.95/0.875–0.952) were better predictors of death as compared to clinical model (AUC
0.869, 95% CI 0.816–0.922; P = 0.04 for both models).
Conclusions In COVID-19 patients, qualitative and quantitative chest CT parameters obtained visually or by software are
predictors of mortality. Predictive models including CT metrics were better predictors of death in comparison to clinical model.
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Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) and the related coronavirus disease 2019 (COVID-

19) were described for the first time in Wuhan, China, in
December 2019 [1]. The pandemic evolution of SARS-
CoV-2 reached over 20 million cases and over 700,000 deaths
worldwide, by August 2020 [2]. Several comorbidities and
clinical conditions have been investigated and proposed for
triaging and stratify risk of death in COVID-19 [3]. Also ra-
diology plays a relevant role for the risk stratification in pa-
tients with suspected COVID-19 pneumonia, notably the sci-
entific debate showed that both chest radiography and com-
puted tomography (CT) could contribute in the management
of patients. During the first wave, the use of radiology was
quite heterogenous; in particular, it was managed according to
local organization in radiology departments and, utmost, in
clinical and laboratory capacity. The use of CT led to under-
standing that visual quantification of COVID-19 pneumonia
extent and several features (predominant crazy-paving pattern
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or presence of consolidations) at chest CT are associated with
increased risk of death [4–6]. In addition, CT quantitative
parameters obtained by software predict the severity of
COVID-19 pneumonia and its progression [7, 8].

The purpose of the present study was to describe both qual-
itative and quantitative CT parameters obtained visually and
by an open-source software in COVID-19 pneumonia and test
their association with survival.

Materials and methods

Study population

This retrospective study was approved by the Local Ethics
Committee (institutional review board -IRB- approval number
582/2020/OSS*/AUSLPC). The informed consent was
waived by the IRB due to the retrospective nature of the study.
The study included consecutive patients that underwent chest
CT at the emergency department admission in suspicion of
COVID-19 pneumonia, in the time interval February 21 to
March 6, 2020. Considering the environment of high commu-
nity disease burden and the unavailability of rapid point-of-
care COVID-19 testing, CT was used in the work up of pa-
tients presenting with clinical moderate-to-severe features
(e.g., hypoxemia, moderate-to-severe dyspnea) consistent
with COVID-19 infection [9]. All the patients performed
reverse-transcription polymerase chain reaction (RT-PCR)
for SARS-CoV-2 in nasal-pharyngeal swabs. In cases of neg-
ative RT-PCR results and persistent clinical suspicion of
COVID-19, the patients were retested within 48 h. Patients
with at least one positive RT-PCR within 48 h from casualty
admission were included in the study. Patients with only a
single negative RT-PCR swab and positive serum IgG title
anti-SARS-CoV-2 (Abbott SARS-CoV-2 IgG; Abbott
Diagnostics, IL, USA) based on the chemiluminescence en-
zyme immunoassays (CLIA) performed > 14 days after symp-
toms onset were also included in the study. Patients with dou-
ble negative result of RT-PCR for SARS-CoV-2 in swabs
were excluded from the study. Patient enrollment process is
showed in Fig. 1. Two hundred and thirty-six patients of this
population were analyzed in a previous study [10].

Epidemiological data, comorbidities, symptoms, laborato-
ry findings, and diagnostic imaging test performed with the
corresponding results for each included patient were recorded
at admission. CT was performed within 12 h from the clinical
evaluation and laboratory testing.

CT protocol and image analysis

Chest CT protocol was showed in a previous study [10]. After
each examination, the roomwas decontaminated by a solution
at 62–71% of ethanol or 0.1% of sodium hypochlorite [11].

The scanner cleaning procedure required around 15–20 min
for each patient.

Visual chest CT interpretation was independently per-
formed by two radiologists (D.C. and G.D.V.) blinded to clin-
ical data, respectively with 5 and 11 years of experience. Each
observer identified the presence of ground-glass opacity
(GGO), crazy-paving pattern (CP), and consolidation
(CONS), as defined by the Fleischner Society Glossary of
terms for Thoracic Imaging [12]. Consolidations were then
classified as exudative, band-like, organizing, or as atelectasis
[13]. The readers assessed the presence of emphysema (> 5%
of overall pulmonary volume), pulmonary fibrosis, pleural
effusion, mediastinal nodal enlargement (short-axis ≥ 10
mm), and hiatal hernia. The “fat vessel sign” was defined as
a subsegmental vascular enlargement > 3 mm [14]. “Sparing
of the central interstitium” was considered in patients with
sparing of the parenchyma surrounding vessel and bronchi
within more than 30% of pneumonia extent. Visual assess-
ment of coronary artery calcium (CAC) was performed as
proposed by Azour et al. [15]. The hepatic density was esti-
mated by averaging the Hounsfield unit (HU)measure of three
region of interest (ROI) in the VII, VIII, and II segment; the
ratio of the hepatic density and splenic density (HU) was also
calculated. Then the reader categorized CT findings as pro-
posed by Sverzellati et al. (Online Resource 1) [16]. The total
extent of COVID-19 pneumonia, the GGO and CP sum
(GGO+CP), and CONS were expressed as percentage of total
lung volume and estimated to the nearest 5% in three lung
zones showed in a previous report and averaged to produce
a global percentage of abnormalities extent [10, 17, 18]. The
axial distribution was classified as peripheral (prevalent in the
outer third of the lung) or central (predominant in the inner
two-third). Consensus formulation for the visual scores and
for categorical CT assessment was defined in previous study
[10].

The software-based evaluation was performed on a dedi-
cated workstation using the extension Chest Imaging Platform
(Applied Chest Imaging Laboratory; Boston, MA, USA) of
the open-source 3D Slicer software (version 4.10.2, https://
www.slicer.org) [19]. A fully automatic lung segmentation
and analysis of lung parenchyma histogram was obtained
using B40f kernel (Fig. 2). A radiologist (D.C.) and a radiol-
ogy technician (C.R.) both with 5 years of experience accom-
plished the segmentation of each patient and, if unsatisfactory,
amended the lung contours with a manual tool. The time to
obtain the software-based analysis and requirement of manual
correction were recorded for each patient in both readers. The
percentage of the total lung volume with attenuation higher
(high attenuation area, HAA) than − 700 HU (%HAA − 700),
− 600 HU (%HAA − 600), − 500 HU (%HAA − 500), and −
250 HU (%HAA − 250) were recorded; furthermore, were
calculated the percentage of the lung volume included be-
tween − 700 and − 250 HU (%HAA − 700–250) or between
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− 600 and − 250 HU (%HAA − 600–250). Percentage of low
attenuation area (LAA) less than − 950 HU (%LAA − 950)
was additionally provided. Histogram skewness and kurtosis
were also analyzed.

Statistical analysis

Categorical and continuous variables were expressed as
counts and percentage or median with corresponding 95%
confidence interval (95% CI). Patients were categorized in
two groups, survivors and non-survivors; the difference

between groups was assessed by Mann-Whitney U test for
continuous variables and chi-square test or Fisher’s exact test
for categorical variables, as appropriate. The Spearman coef-
ficient of rank correlation (rho) was calculated to test the re-
lationship between visual CT and software-based scores
across the range of predefined density thresholds. The inter-
rater agreement was tested with the intra-class correlation co-
efficient (ICC) and the weighted Cohen’s kappa (Kw) [20].
The interpretation of ICC and of theKwwas based on previous
guidelines [21, 22].

The overall survival (OS) was calculated from the date of
the admission CT to the time of specific death for COVID-19,
as defined by the World Health Organization (WHO) [23].
Variables significantly different between survivors and non-
survivors with clinical or radiological impact were considered
as potential predictors of death. Receiver operating character-
istic (ROC) curve were calculated for potential predictors of
specific death. The highest value of the Youden Index was
obtained to determine an appropriate cutoff to transform con-
tinuous variables in binary categorical variables. Cox propor-
tional hazards regression analysis was used to examine the
association between prognostic variables and OS to estimate
hazard ratios (HR) and 95% CI. At univariable analysis, po-
tential predictors with P value < 0.1 were included in the
multivariable analysis using a stepwise regression model.
Therefore, was obtained a model using only demographics
and clinical parameters; additional models were calculated
by adding categories derived from qualitative and quantitative
CT metrics assessed visually or by software. ROC curve anal-
ysis was performed for each model and the area under the
ROC (AUC) was used to assess the performance of the dis-
crimination models based on independent predictors. The
ROC curves of the models were compared by the methodol-
ogy of DeLong et al. [24]. Categories on the basis of potential
prognostic variables were correlated with OS using the

Fig. 2 A 70-year-old man admitted to the emergency department with
cough and fever from 1 week, with positive RT-PCR nasal-pharyngeal
swab for SARS-CoV-2, who died 13 days after hospital admission. The
axial admission non-enhanced CT image at the level of carina after ap-
plying a density mask (between − 700 and − 250 HU) using an open-
source software displays in red the sum of ground glass opacities and
crazy paving pattern. CT, computed tomography; HU, Hounsfield unit;
RT-PCR, reverse-transcription polymerase chain reaction; SARS-CoV-2,
severe acute respiratory syndrome coronavirus 2

Fig. 1 The diagram shows the
patient enrollment process. CLIA,
chemiluminescence enzyme
immunoassays; COVID-19,
coronavirus disease 2019; CT,
computed tomography; RT-PCR,
reverse-transcription polymerase
chain reaction; SARS-CoV-2, se-
vere acute respiratory syndrome
coronavirus 2
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Kaplan-Meier method (product-limit). The survival functions
were compared between independent groups of patients by
means of the log-rank test. A P value < 0.05 was con-
sidered significant. Statistical analysis was performed
using MedCalc software (version 14.8.1, MedCalc
Software Ltd, Ostend, Belgium).

Results

Patient characteristics

In Table 1 are summarized demographics, comorbidities, clin-
ical, and laboratory findings.

In the period considered, 264 patients were tested for
SARS-CoV-2 with nasal-pharyngeal swab. One swab was
performed in 252/264 (95%, 95% CI 92–97%) patients, with

positive result in 240/252 (95%, 95% CI 92–97%) cases. Of
the remaining patients with single negative swab, 3/12 (25%,
95% CI 9–53%) showed positive serum IgG title anti-SARS-
CoV-2 > 14 days after symptoms onset, while the remaining
9/12 (75%, 95% CI 47–91%) patients confirmed the negative
swab result at serology. Double swab was obtained in 12/264
(5%, 95% CI 3–8%) patients. In 7/12 (58%, 95% CI 32–80%)
cases, the result was double negative, while a positive swab
was obtained within 48 h in the remaining 5/12 (42%, 95% CI
19–68%) patients.

Thus, the study included 248 patients, predominantly
males (174/248, 70%, 95% CI 64–75%), with a median age
of 68 years (95% CI 65–70 years). The group of survivors
included 170/248 (68%, 95% CI 62–74%) patients, while
death occurred in 78/248 (32%, 95% CI 26–37%) patients.
Non-survivors had a higher rate of cardiovascular (74% vs
46%, P < 0.001), oncological (24% vs 8%, P < 0.001), and

Table 1 Patients demographics, comorbidities, symptoms, and main laboratory findings at admission

Variable Total (n = 248) Survivors (n = 170) Non-survivors (n = 78) P value

Age 68 (65–70) 62 (59–64) 77 (75–79) < 0.001*

Gender

• females 74 (30%, 24–35%) 50 (29%, 23–36%) 24 (31%, 21–41%) 0.94

Smoking history (unavailable 143/248 patients, 58%)

• Non-smokers 64 (26%, 21–32%) 53 (31%, 25–38%) 11 (14%, 8–24%) < 0.01*

• Former smokers 31 (12%, 9–17% 19 (11%, 7–17%) 12 (15%, 9–25%) 0.47

• Current smokers 10 (4%, 2–7%) 5 (3%, 1–7%) 5 (6%, 3–14%) 0.34

Exposure to subject with known COVID-19 infection 94 (38%, 32–44%) 72 (42%, 35–50%) 22 (28%, 19–39%) 0.04*

Comorbidity

• Cardiovascular 136 (55%, 49–61%) 78 (46%, 39–53%) 58 (74%, 64–83%) < 0.001*

• Pulmonary 37 (15%, 11–20%) 23 (14%, 9–19%) 14 (18%, 11–28%) 0.49

• Oncological 32 (13%, 9–18%) 13 (8%, 4–12%) 19 (24%, 16–35%) < 0.001*

• Neurological 34 (14%, 10–19%) 10 (6%, 3–10%) 24 (31%, 22–42%) < 0.001*

• Diabetes 45 (18%, 14–23%) 25 (15%, 10–20%) 20 (26%, 17–36%) 0.06

Symptom

• Fever 239 (96%, 93–98%) 169 (99%, 97–100%) 70 (90%, 81–95%) 0.78

• Cough 154 (62%, 56–68%) 116 (68%, 61–75%) 38 (49%, 38–60%) < 0.01*

• Dyspnea 114 (46%, 40–52%) 74 (44%, 36–51%) 40 (51%, 40–62%) 0.15

Symptoms onset (days) 7 (5–7) 7 (6–7) 4 (3–7) < 0.01*

Respiratory rate (acts/min) 20 (18–20) 20 (18–22) 22 (20–25) < 0.001*

Hemoglobin (g/dl) 13.8 (13.5–14.2) 14.2 (13.7–14.5) 13.1 (12.4–13.7) < 0.001*

White blood cell count (× 103/μl) 6.3 (5.9–6.9) 5.9 (5.6–6.3) 8 (7–9.3) < 0.001*

Lymphocytes (× 103/μl) 0.98 (0.93–1.03) 1.02 (0.97–1.11) 0.81 (0.76–0.99) 0.01*

Platelet (× 103/μl) 182 (173–191) 179 (168–191) 184 (171–217) 0.17

CRP (mg/dl) 8.4 (6.8–9.4) 6.3 (5.3–8.3) 13.4 (11.4–15.5) < 0.001*

Blood urea level (mg/dl) 39 (37–45) 36 (33–38) 61 (55–64) < 0.001*

GOT (U/l) 42 (38–45) 39 (36–43) 46 (42–58) 0.07

GPT (U/l) 32 (27–94) 33 (27–36) 28 (23–33) 0.05

Categorical and continuous variables are expressed as counts and percentage or median, with corresponding 95% confidence interval (95% CI) in
parentheses. Significant P values are identified by asterisks

COVID-19, coronavirus disease 2019; CRP, C-reactive protein; GOT, glutamic oxaloacetic transaminase; GPT, glutamic pyruvic transaminase
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neurological (31% vs 6%, P < 0.001) comorbidities. In com-
parison to non-survivors, patients who survived were younger
(median age 62 vs 77 years, P < 0.001) and showed lower
median value of C-reactive protein (CRP, 6.3 vs 13.4 mg/dl, P
< 0.001) and white blood cell count (5.9 vs 8 x 103/μl, P <
0.001). Non-survivor patients had higher levels of blood urea
(61 vs 36 mg/dl, P < 0.001). Lung ultrasound (LUS) was
performed in 229/248 (92%, 95% CI 88–95%) patients; the
majority (215/229, 94%, 95% CI 96–90%) considered posi-
tive for COVID-19 pneumonia. Among included patients, 52/
248 (21%, 95% CI 16–26%) underwent chest x-ray, abnormal
in 46/52 (88%, 95% CI 77–95%) cases.

Relationships and inter-reader agreement of visual
and software-based CT assessment

The highest correlations (Online Resource 2) were found for the
overall pneumonia extent with%HAA − 700 (rho 0.781, 95%CI
0.727–0.826, P < 0.001), for GGO+CP with %HAA − 700–250
(rho 0.612, 95%CI 0.527–0.685,P< 0.001), and for CONSwith
%HAA − 250 (rho 0.622, 95% CI 0.539–0.694, P < 0.001).

Online Resource 3 displays the inter-reader agreement re-
sults. Considering the visual assessment, the agreement was
good for overall pneumonia extent (ICC 0.896, 95% CI
0.866–0.92), GGO+CP extent (ICC 0.816, 95% CI 0.764–
0.857), and visual assessment of CAC (ICC 0.781, 95% CI
0.722–0.829) while it was excellent for CONS (ICC 0.901,
95% CI 0.871–0.923) extent. Reproducibility was good for
COVID-19 CT categories (Kw 0.707, 95% CI 0.656–0.758)
and consolidations assessment (Kw 0.63, 95% CI 0.556–
0.711), while very good for pleural effusion (Kw 0.948, 95%
CI 0.889–1). Nevertheless, the inter-reader agreement for
sparing of the central interstitium and fat vessel sign was fair
(respectively Kw 0.371, 95% CI 0.208–0.533; Kw 0.226, 95%
CI 0.121–0.33). Inter-observer agreement of the software-
based metrics was excellent for all metrics except for good
reproducibility in %HAA − 250 (ICC 0.848, 95% CI 0.778–
0.897). No significant differences between readers were found
neither for the rate of manual correction (56% for the radiol-
ogist vs 65% for the technician, P = 0.29) nor for the time
required to obtain the automatic lung segmentation (me-
dian time 226 s for the radiologist vs 264 s for the
technician, P = 0.28).

Qualitative and quantitative CT findings

Table 2 summarizes CT findings. Non-survivors patients had
a higher overall pneumonia extent (40% vs 25%, P < 0.001),
GGO+CP extent (25% vs 16%, P = 0.01), CONS extent (7%
vs 4%, P = 0.01), and visual score of CAC (3 vs 1, P < 0.001).
Exudative consolidation (36% vs 18%, P < 0.01), pleural ef-
fusion (35% vs 15%, P < 0.01), and patients with CT catego-
rized as COVID-19 and other disease (23% vs 3%, P < 0.001)

were more frequent in non-survivors patients. In non-
survivors patients with COVID-19 and other disease, the con-
comitant pathology was pulmonary edema in 12/18 (67%;
95% CI 44–84%) patients, while pneumonia other than
COVID-19 in 6/18 (33%, 95% CI 16–56%) cases. The
%HAA − 700 (40% vs 25%, P < 0.001), %HAA − 700–250
(32% vs 21%, P < 0.001), %HAA − 250 (6% vs 4%, P <
0.001), and %LAA − 950 (0.6 vs 0.46, P = 0.04) were more
extended in non-survivors patients.

Survival analysis

The median observation time from admission CT was 75 days
(95% CI 61–81 days). Online Resource 4 provided in supple-
mentary materials shows the best cutoff obtained by the ROC
curve analysis in relation to specific death. Cox proportional
hazards regression analysis results are reported in Table 3. In
the model containing clinical and CT variables derived by vi-
sual CT assessment, overall pneumonia extent > 40% (HR
2.15, 95% CI 1.2–3.85, P = 0.01), exudative consolidations
(HR 2.93, 95% CI 1.66–5.16, P < 0.001), visual CAC score
> 1 (HR 2.76, 95% CI 1.4–5.45, P < 0.01), and patients with
CT classified as COVID-19 and other disease (HR 2.03, 95%
CI 1.06–3.9, P = 0.03) were significantly associated with
shorter survival. Accordingly with the previous model, in the
additional model containing clinical and CT variables derived
by both software-based and visual CT assessment, %HAA −
700 > 35% (HR 2.17, 95% CI 1.2–3.94, P = 0.01), exudative
consolidations (HR 2.85, 95% CI 1.61–5.05, P < 0.001), visual
CAC score > 1 (HR 3.32, 95% CI 1.71–6.46, P < 0.001), and
patients with CT classified as COVID-19 and other disease (HR
1.92, 95%CI 1.01–3.67,P = 0.04) were significantly associated
with shorter survival. Models with additional visual CT assess-
ment (AUC 0.911, 95% CI 0.873–0.95) and visual plus
software-based CT assessment (AUC 0.913, 95% CI 0.875–
0.952) were similar (P = 0.68); nevertheless, models containing
CT metrics showed a significant higher performance for death
prediction as compared to the model containing only clinical
variables (AUC 0.869, 95% CI 0.816–0.922; P = 0.04 for both
models; Fig. 3). As displayed in Online Resource 5, significant
shorter survival was found in patients with visual CT overall
pneumonia extent > 40% (mean survival 55 vs 100 days, P <
0.001), %HAA − 700 > 35% (mean survival 60 vs 104 days, P
< 0.001), exudative consolidations (mean survival 70 vs 94
days, P < 0.01), visual CAC score > 1 (mean survival 69 vs
107 days, P < 0.001), and CT category of COVID-19 and other
disease (mean survival 33 vs 94 days, P < 0.001).

Discussion

This study demonstrated that the visual overall extent of inter-
stitial pneumonia > 40% of the total lung volume, the %HAA
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− 700 > 35% assessed by software, the presence of exudative
consolidations, the visual coronary artery calcium score > 1,
and the overlap of COVID-19 CT features with other disease
are independent predictors of mortality in patients affected by
COVID-19. In addition, models containing quantitative and
qualitative CT features assessed both visually and by open-
source software showed a significant better performance in
predicting mortality as compared to the clinical model.

Other imaging techniques have been advocated as predic-
tors of death in COVID-19 pneumonia [25–27]. The evalua-
tion of COVID-19 pneumonia extent at chest x-ray has been
demonstrated as predictor of in-hospital mortality [25].

However, the predictive model including chest x-ray score,
age, and immunosuppression showed lower predictive power
as compared to the model based on qualitative and quantita-
tive chest CT associated with clinical parameters displayed in
the present study (AUC 0.802–0.853 vs 0.911–0.913) [25].
Higher LUS score has been reported as predictor of 30-day
mortality, with lower power (AUC 0.76) compared to our
predictive model containing CT parameters [26].
Furthermore, in another report, LUS assessment of COVID-
19 pneumonia extent failed to identify patients with shorter
survival when applied in casualty by around 40 emergency
physicians on a population with disease prevalence of around

Table 2 Qualitative and quantitative computed tomography findings

Variable Total (n = 248) Survivors (n = 170) Non-survivors (n = 78) P value

Visual overall pneumonia extent (%) 30 (25–30) 25 (20–25) 40 (32–50) < 0.001*

Visual ground glass and crazy paving opacities extent (%) 20 (16–22) 16 (14–20) 25 (21–37) 0.01*

Visual consolidations extent (%) 5 (4–6) 4 (2–4) 7 (5–13) 0.01*

Distribution

• Diffuse 182 (73%, 67–78%) 121 (71%, 64–77%) 61 (78%, 68–86%) 0.31

• Central 8 (3%, 2–6%) 4 (2%, 0.9–6%) 4 (5%, 2–12%) 0.44

• Peripheral 55 (22%, 17–28%) 43 (25%, 19–32%) 12 (15%, 9–25% ) 0.11

Consolidation type

• Solid 60 (24%, 19–30%) 32 (18%, 14–25%) 28 (36%, 26–47%) < 0.01*

• Band-like 62 (25%, 20–31) 53 (31%, 25–38%) 9 (11%, 6–21%) < 0.01*

• Organizing type 24 (10%, 7–14%) 17 (10%, 6–15%) 7 (9%, 4–17%) 0.98

• Atelectasis 21 (8%, 6–13%) 11 (6%, 4–11%) 10 (13%, 7–22%) 0.15

Emphysema (> 5% at visual assessment) 44 (18%, 13–23%) 25 (15%, 10–21%) 19 (24%, 16–35%) 0.09

Fibrosis 8 (3%, 2–6%) 4 (2%, 0.9–6%) 4 (5%, 2–12%) 0.44

Pleural effusion 53 (21%, 17–27)) 26 (15%, 11–21%) 27 (35%, 25–46%) < 0.01*

Mediastinal node enlargement 56 (22%, 18–28%) 32 (19%, 14–25%) 24 (31%, 22–42%) 0.05

Fat vessel sign 100 (40%, 34–47%) 66 (39%, 32–46%) 34 (44%, 33–55%) 0.57

Sparing of central interstitium 42 (17%, 13–22%) 38 (22%, 17–29%) 4 (5%, 2–12%) < 0.01*

Visual coronary artery calcium score 1.5 (1–2) 1 (1–1) 3 (2–4) < 0.001*

Ratio hepatic/splenic density 2.4 (2.3–2.5) 2.4 (2.4–2.6) 2.4 (2.4–2.6) 0.72

Hiatal hernia 99 (40%, 34–46%) 66 (39%, 32–46%) 33 (42%, 32–53%) 0.7

CT categories for COVID-19

• Negative 3 (1%, 0.4–4%) 2 (1%, 0.3–4%) 1 (1%, 0.2–7%) 0.57

• Indeterminate

○ COVID-19 or other disease 12 (5%, 3–8%) 8 (5%, 2–9%) 4 (6%, 2–14%) 0.86

○ COVID-19 and other disease 23 (9%, 6–14%) 5 (3%, 1–7%) 18 (23%, 15–34%) < 0.001*

• Typical 210 (85%, 80–89%) 155 (91%, 86–95%) 55 (70%, 60–79%) < 0.001*

HAA − 700 HU (%) 30 (26–33) 25 (22–28) 40 (35–47) < 0.001*

HAA − 250 HU (%) 4 (4–5) 4 (3–4) 6 (5–8) < 0.001*

HAA − 700–250 HU (%) 24 (22–26) 21 (19–24) 32 (27–36) < 0.001*

LAA − 950 HU (%) 0.51 (0.43–0.57) 0.46 (0.38–0.55) 0.6 (0.44–0.65) 0.04*

Kurtosis 2.8 (2–3.6) 3.9 (2.9–4.6) 1.1 (0.3–0.6) < 0.001*

Skewness 1.7 (1.5–1.9) 2 (1.8–2.1) 1.3 (1–1.5) < 0.001*

Categorical and continuous variables are expressed as counts and percentage or median, with corresponding 95% confidence interval (95% CI) in
parentheses. Significant P values are identified by asterisks

COVID-19, coronavirus disease 2019; CT, computed tomography; HAA, high attenuation area; HU, Hounsfield units; LAA, low attenuation area
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45% [27]. Thus, qualitative and quantitative chest CT assess-
ment in association with clinical data could be considered the
best tool for the stratification of mortality risk; chest x-ray
could be used as a reliable alternative in order to contain CT
number while LUS should be performed by trained physician
and reserved for critically ill patients when transport in the CT
room is difficult.

The thresholds of CT density used to define overall pneu-
monia, the sum of ground-glass and crazy paving, and consol-
idation extent were identified by calculating a correlation co-
efficient among visual assessment and several thresholds ob-
tained by the software-based histogram analysis. The %HAA
− 700, %HAA − 700–250, and %HAA − 250 showed the
highest correlation with overall pneumonia, the sum of
ground-glass opacity and crazy-paving pattern, and consoli-
dation extent, respectively. Similar density thresholds were
used by Liu et al., who demonstrated that CT features exten-
sions were significant predictors of progression to severe ill-
ness in COVID-19 pneumonia [7].

Overall pneumonia extent assessed visually was demon-
strated as a predictor worse outcome in COVID-19 [4, 5, 10,
28]. As expected, a visual overall pneumonia extent greater
than 40% was identified as predictor of mortality in the pres-
ent study, higher than the threshold of around 30% reported in
previous study that predicted a different composite outcome
that included intensive care unit (ICU) admission or intubation
and death [10, 28]. Furthermore, in the present study, the
outcome was specific death for COVID-19 and not generic
death, as analyzed in previous reports [10, 28].

The software-based CT assessment derived from the histo-
gram analysis identified the %HAA − 700 higher than 35% as
predictor of mortality in COVID-19. In combined pulmonary
fibrosis and emphysema (CPFE), the %HAA − 700 was con-
sidered a marker of the interstitial abnormalities extent and
was reported as the best predictor of diffusing capacity of
the lung for carbon monoxide (DLCO) [29]. Yin et al. quan-
tified pneumonia volume by visual segmentation using the
identical open-source software and demonstrated an higher
overall pneumonia extent in severe and critical COVID-19
patients [30]. To our knowledge, this is the first study that
found a significant association between %HAA − 700 and
mortality in COVID-19. This represents a relatively simple
approach, which is warranted by open-source software widely
applied in research experiments, within and beyond thoracic
imaging.

Similar to previous study, the incidence at CT of COVID-
19 features and other disease findings was around of 10%
[16]. In the present series, an overlap between COVID-19
and other disease was demonstrated as predictor of mortality.
The majority of the non-survivors patients with other disease
overlap manifested signs of pulmonary edema (67%) or pneu-
monia other than COVID-19 (33%). Association between
mortality and other concomitant diseases was reported in

previous studies [31, 32]. Acute myocardial injury was dem-
onstrated as predictor of mortality, while secondary bacterial
infection occurred in 50% of COVID-19 patients who died
[31, 32]. Age, COVID-19 infection, lung disease, and hearth
failure were named “The Deadly Quartet” and explained the
high mortality in the Northern Italy population [33].
Furthermore, 78% of the patients who underwent cardiac
magnetic resonance after COVID-19 infection showed myo-
cardial inflammation or myo-pericarditis, which have been
strongly linked with adverse outcome [34, 35].

The presence of consolidations at CTwas more common in
patients who died than in survivors [6, 28, 32, 36]. However,
the association of consolidations type and outcome was never
considered in literature. We demonstrated an association be-
tween mortality and exudative consolidations that could rep-
resent bacterial concomitant infection or an evolution to adult
respiratory distress syndrome (ARDS), which are associated
with death in COVID-19 patients [32].

A visual coronary artery calcium score higher than 1 was
demonstrated as a predictor of mortality. Ferrante et al. dem-
onstrated that patients with COVID-19 complicated by acute
myocardial injury had higher CAC score measured by

Fig. 3 Graph shows diagnostic performance in predicting death for
patients with COVID-19 based on baseline clinical parameters and both
qualitative and quantitative chest CT assessed visually or by open-source
software. ROC curves of the models based on clinical parameters, clinical
parameters and visual CT assessment, visual and software-based CT as-
sessment added to clinical parameters are displayed respectively in blue,
orange, and green lines. The AUC for the clinical model was 0.869 (95%
CI 0.816–0.922). Models including clinical parameters plus both visual
CT assessment (AUC 0.911, 95% CI 0.873–0.95) and visual
added to software-based CT evaluation (AUC 0.913, 95% CI
0.875–0.952) showed better performance in predicting mortality
(P = 0.04). AUC, area under the ROC curve; COVID-19, coro-
navirus disease 2019; CT, computed tomography; ROC, receiver
operating characteristics
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Agatston scoring system; however, CAC score failed to iden-
tify patients with higher risk of mortality [37]. This discrep-
ancy could be explained by the different system of quantifica-
tion used in the present study, based on visual assessment and
not on the semi-automated Agatston system [15].

The present study has several limitations. First, it is retro-
spective, derived from a single center, and therefore affected by
recall bias. Second, several laboratory findings such as periph-
eral oxygen saturation (SpO2) and D-dimer levels were not
included in the analysis. However, SpO2 value at admission is
affected by the oxygen administration time in the emergency
room, which is not measurable due to the retrospective design
of the study; D-dimer levels were not tested during the early
outbreak, since in the inclusion period of the study, its value as
predictor of worse outcome was not been yet demonstrated.
Third, treatment details were not included in the survival anal-
ysis. Nevertheless, at the inclusion time of the study, no specific
therapy protocol was demonstrated effective in COVID-19.

In conclusion, qualitative and quantitative chest CT param-
eters obtained visually or by open-source software are predic-
tors of specific mortality in COVID-19 patients. The predic-
tive models of mortality that included CT metrics showed
better performance than clinical model in COVID-19 patients
during the early outbreak.
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