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Summary Statement 

Visual and software-based quantification of well aerated lung parenchyma on admission chest CT 

were predictors of intensive care unit (ICU) admission or death in patients with COVID-19 

pneumonia. 

 

Key Results 

�  Patients with COVID-19 pneumonia at baseline chest CT who had ICU admission or who died 

had 4 or more lobes of the lung affected compared to patients without ICU admission or death 

(16% versus 6% of patients, p<.04). 

�  After adjustment for patient demographics and clinical parameters, visually assessed well 

aerated lung parenchyma on admission on chest CT less than 73% was associated with ICU 

admission or death (OR 5.4, p<.001); software methods for lung quantification showed similar 

results. 

 

List of abbreviations 

SARS-CoV-2 = severe acute respiratory syndrome coronavirus 2; COVID-19 = coronavirus 

disease 19; RT-PCR = reverse-transcription polymerase chain reaction; WOG = worse outcome 

group; N-WOG = not-worse outcome group; %V-WAL = visual assessment of well aerated lung 

percentage; %S-WAL = software-based assessment of well aerated lung percentage; VOL-WAL = 

open-source software assessment of well aerated lung absolute volume; AT = adipose tissue. 
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Abstract 

Background: Computed tomography (CT) of patients with severe acute respiratory syndrome coronavirus 2 

(SARS-CoV-2) disease depicts the extent of lung involvement in COVID-19 pneumonia. 

 

Purpose: The aim of the study was to determine the value of quantification of the well-aerated lung obtained 

at baseline chest CT for determining prognosis in patients with COVID-19 pneumonia. 

 

Materials and Methods: Patients who underwent chest CT suspected for COVID-19 pneumonia at the 

emergency department admission between February 17 to March 10, 2020 were retrospectively analyzed. 

Patients with negative reverse-transcription polymerase chain reaction (RT-PCR) for SARS-CoV-2 in nasal-

pharyngeal swabs, negative chest CT, and incomplete clinical data were excluded. CT was analyzed for 

quantification of well aerated lung visually (%V-WAL) and by open-source software (%S-WAL and absolute 

volume, VOL-WAL). Clinical parameters included demographics, comorbidities, symptoms and symptom 

duration, oxygen saturation and laboratory values. Logistic regression was used to evaluate relationship 

between clinical parameters and CT metrics versus patient outcome (ICU admission/death vs. no ICU 

admission/ death). The area under the receiver operating characteristic curve (AUC) was calculated to 

determine model performance. 

 

Results: The study included 236 patients (females 59/123, 25%; median age, 68 years). A %V-WAL<73% 

(OR, 5.4; 95% CI, 2.7-10.8; P<0.001), %S-WAL<71% (OR, 3.8; 95% CI, 1.9-7.5; P<0.001), and VOL-

WAL<2.9 L (OR, 2.6; 95% CI, 1.2-5.8; P<0.01) were predictors of ICU admission/death. In comparison with 

clinical model containing only clinical parameters (AUC, 0.83), all three quantitative models showed higher 

diagnostic performance (AUC 0.86 for all models). The models containing %V-WAL<73% and VOL-

WAL<2.9L were superior in terms of performance as compared to the models containing only clinical 

parameters (P=0.04 for both models). 

 

Conclusion: In patients with confirmed COVID-19 pneumonia, visual or software quantification the extent of 

CT lung abnormality were predictors of ICU admission or death. 
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Introduction 

 A new coronavirus (severe acute respiratory syndrome coronavirus 2, SARS-CoV-2) has 

been considered the pathogen responsible of SARS-CoV-2 disease (COVID-19), which have 

spread throughout the world since December 2019 [1]. COVID-19 has been defined as pandemic 

by the World Health Organization on March 11, 2020. Clinical expressions of COVID-19 ranges 

from flu-like to respiratory failure (DAD), the management of which demands advanced respiratory 

assistance and artificial ventilation. 

 Triaging of COVID-19 patients is based on clinical and laboratory parameters, whilst chest 

imaging might be required for second-level triage in specific cases, namely the chest radiography 

is offered as first step and supplementary CT in more severe cases or in case of discrepancy 

between clinical and radiographic characteristics [2, 3]. However, during the first phases of COVID-

19 outbreak, most unprepared facilities reported times for swab analysis ( > 24 h), which 

significantly impacted the management of emergency department flood. Some centers tried to 

manage this issue by switching from radiography to CT in a clinically integrated quick workflow [3]. 

Li et al. have recently demonstrated that visual quantitative analysis of CT abnormalities reflects 

clinical categories of COVID-19 [4]. Moreover, lung involvement of COVID-19 pneumonia could be 

assessed automatically by deep-learning-based quantitative CT [5]. 

 However, the presence of coexisting chronic pulmonary abnormalities (e.g. emphysema or 

interstitial lung diseases) was not taken into account by prior studies [4]. Of note, CT quantification 

of well-aerated lung was shown to be helpful either to estimate the alveolar recruitment during 

ventilation or to predict the patient’s prognosis of patients with acute respiratory distress syndrome 

(ARDS) [6, 7]. 

The aim of this study was to describe the relationship between COVID-19 prognosis and 

the extent of well aerated lung obtained by chest CT with either visual or quantitative 

measurements. 
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Materials and Methods 

Study population 

 This retrospective study was approved by the Local Ethics Committee (institutional review 

board -IRB- approval number 241/2020/OSS/AUSLPC). The informed consent was waived by the 

IRB due to the retrospective nature of the study. The study included consecutive patients with 

suspected COVID-19 interstitial pneumonia who underwent chest CT at emergency department 

admission between February 17 to March 10, 2020. All the patients performed reverse-

transcription polymerase chain reaction (RT-PCR) for SARS-CoV-2 in nasal-pharyngeal swabs. 

However, a rapid (minutes to hours) COVID-19 RT-PCR test result was not available at our center 

during this interval. Therefore, chest CT was performed based on high clinical suspicion in addition 

to clinical and laboratory findings consistent with COVID-19 in the setting of high pre-test 

probability (i.e., high community disease burden) of COVID-19 [3, 8]. 

In order to select chest CT scans for analysis, our exclusion criteria were: 1) RT-PCR for 

SARS-CoV-2 that was ultimately determined to be negative; 2) negative chest CT; 3) incomplete 

clinical data. Figure 1 shows the patients enrollment flowchart. 

Clinical and laboratory findings of each patient were recorded at admission. CT was 

performed within 12 hours from the clinical evaluation and laboratory findings. 

Patients were categorized in 2 groups: patients were admitted to the ICU or who died (ICU/ 

death) versus those patients who were discharged from the hospital alive without ICU admission. 

The time between CT and ICU admission or death was also registered. 

 

CT protocol 

 Non-enhanced chest CT scan were performed in supine position, during inspiratory breath-

hold, from the apex to the lung bases, with a 16-slice scanner (Emotion 16; Siemens AG, 

Forchheim, Germany). Low-dose CT acquisition was executed as follows: tube voltage, 110 KV if 

body weight ≤80 kg and 130 KV for patients >80 kg; tube current, 40 mAs; pitch, 1; collimation, 

0.625 mm. Image data sets were reconstructed with 1-2 mm slice thickness range using both 
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sharp kernels (B70f) with a standard lung window (1500 width; -500 center) and medium-soft 

kernels (B40f) with a soft-tissue window (300 width; 40 center). 

 

CT images analysis 

 Visual scoring was performed independently by two Radiologists (DC and FCB) blinded to 

clinical data, respectively with 5 and 14 years of experience, respectively. The total extent of well 

aerated lung parenchyma expressed as percentage of total lung volume was estimated to the 

nearest 5%. Scores derived from three lung zones (the upper zone, above the level of the carina; 

the lower zone, below the level of the infrapulmonary vein; the middle zone between upper and 

lower zone) were averaged to produce a global percentage of well aerated lung parenchyma (%V-

WAL) [9, 10]. Consensus formulation for the visual scores was obtained as reported in the study by 

Cottin et al [11]. The 5% most divergent observations for CT parameters and instances of 

discordance over the categorical CT assessment were resolved by consensus. The mean of the 

observer values was used for the remaining CT parameters [11]. CT abnormalities pattern for 

diagnosis of COVID-19 were classified as defined in Table E1 (online): 1) typical; 2) indeterminate; 

3) atypical [12]. The number of involved lobes (0-5) was registered. The prevalence in the upper, 

middle or lower zone as defined above, was recorded. The axial distribution was classified as 

peripheral (prevalent in the outer third of the lung) or central (predominant in the inner two-third). 

The distribution pattern was classified as diffuse when a clear predominant cranio-caudal or axial 

distribution was absent. Furthermore, the presence of mediastinal nodes enlargement (≥10 mm in 

short axis), pleural effusion, emphysema, and pulmonary fibrosis was assessed. The presence of 

breathing artifact was also recorded. 

 The software-based evaluation of the well aerated lung parenchyma was performed on a 

dedicated workstation using the extension Chest Imaging Platform (Applied Chest Imaging 

Laboratory; Boston, Massachusetts, USA) of the open-source 3D Slicer software (version 4.10.2, 

https://www.slicer.org) [13]. A fully automatic lung segmentation and analysis of lung parenchyma 

histogram was obtained using B40f kernel (Figure 2). In case of unsatisfactory lung segmentation, 

the user amended the lung contours with a manual tool. The definition of normal lung by software 
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segmentation (%S-WAL) was determined by density references from the literature, namely in the 

interval between -950 HU and -700 HU [14, 15]. Furthermore, using the overall lung volume 

provided by software, the absolute volume of the well aerated lung (VOL-WAL) was calculated. 

The adipose tissue volume was calculated to assess obesity as a comorbidity and as a crude 

estimate of patient size (height and weight were not available). Adipose tissue volume and was 

estimated by density interval between -170HU and -40HU on a single slice at level of T7-T8 [16]. 

The time to accomplish the software-based processing and requirement of manual correction were 

recorded for each patient. 

 

Statistical Analysis 

Categorical variables were expressed as counts and percentage, with corresponding 95% 

confidence interval (95%CI) using Wilson method. Continuous variables are shown as median and 

95%CI for the median. The difference between the two groups were assessed by Mann-Whitney U 

test for continuous variables and Chi-square test or Fisher’s exact test for categorical variables, as 

appropriate. Intra-class correlation coefficient (ICC) was used to test the inter-rater agreement for 

the %V-WAL and the concordance between %V-WAL and %S-WAL; the interpretation of ICC was 

based on the guidelines provided by Koo and Li [17]. 

 The outcome was defined by admission to intensive care unit (ICU) or death. Categories 

from continuous variables were obtained using as threshold the median value of the overall 

sample. For the CT metrics were obtained additional categories, using cutoffs derived from 

quartiles. Univariable and backward stepwise multivariable logistic regression analysis were used 

to test the association between potential predictors and the outcome. Factors for which P values 

were less than 0.1 in univariable analysis were used as candidate variables for multivariable 

approach. Therefore, was obtained a model using only clinical parameters; additional models were 

calculated by adding categories derived from quartiles of %V-WAL, %S-WAL, and VOL-WAL. The 

R-squared (R2) of each model was then reported for comparison. Receiver operating characteristic 

(ROC) curve analysis was performed for each model and the area under the ROC (AUC) was used 

to assess the performance of the discrimination models based on independent predictors. The 
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ROC curves of the two models were compared by the methodology of DeLong et al. [18]. A P 

value <0.05 was considered statistically significant. Statistical analysis was performed using 

MedCalc software (version 14.8.1, MedCalc Software Ltd, Ostend, Belgium). 

 

Results 

Patient demographics, clinical, and laboratory findings 

 Demographics, clinical, and laboratory findings are reported in Table 1. The study included 

236 patients (median age, 68 years old; 95%CI, 66-70 years old), 59/236 (25%, 95%CI: 19% to 

31%) were females. Cardiovascular diseases were the most frequent comorbidities (127/236, 54%, 

47% to 60%) and admission laboratory findings showed elevated median value of the lactate 

dehydrogenase (LDH, 347 U/L; 95% CI, 325 to 376 U/L) and of the C-reactive protein (CRP, 7.6 

mg/dl; 95% CI, 6.4 to 8.6 mg/dl); furthermore the median platelet (PLT) count was 180 x 103/µL 

(95% CI, 164-191 x 103/µL). The ICU/death group included 108/236 (46%, 95% CI: 40% to 52%) 

patients. The median time elapsed between CT and occurrence of ICU admission or death was 4 

days (95% CI, 3-6 days). Patients who admitted to the ICU or who died were older (median age, 

73 years vs 62 years; P<0.001) in comparison those without ICU admission or death. In addition, 

the ICU/death group had a higher prevalence of cardiovascular diseases (71% vs. 39%, P<0.001), 

higher median levels of LDH (435 vs. 308 U/L, P<0.001), higher CRP levels (13.3 vs 5.1 mg/dl, 

P<0.001) and higher platelet count (203 x 103/µL vs 160 x 103/µL; P<0.001), respectively. 

 

Computed tomography findings 

 CT findings are summarized in Table 2. The majority (201/236, 85%, 95% CI: 80% to 89%) 

of the study subjects displayed a typical COVID-19 pneumonia CT pattern, while an indeterminate 

CT pattern was observed in 29/236 (12%, 95% CI: 8% to 17%) of the cases. A variable 

combination of ground-glass opacities (GGO) and consolidations were the main CT pattern 

(119/236, 50%, 95% CI: 44% to 57%). A lower zone predominance (103/236, 43%, 95% CI: 37% 

to 50%) and diffuse distribution on axial plane (174/236, 73%, 95% CI: 62% to 78%) were the two 

most common distribution patterns. Concomitant emphysema was documented in 53/236 (22%, 
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95% CI: 18% to 28%) patients, while pulmonary fibrosis in 8/236 (3%, 95% CI: 2% to 7%) of the 

patients. Breathing artifacts were observed in 55/236 (23%, 95% CI 18-29%) CT scans. 

Patients with ICU/death vs. no ICU/ death had a higher number of lobes involved on CT 

involvement (16% vs 6% with 4 or more lobes involved, P=0.04) and had a higher prevalence of 

emphysema (29% vs 16%, P=0.02), respectively. 

The median %V-WAL was 73% (95%CI, 70-77%). Inter-rater agreement was good (ICC, 

0.85; 95% CI, 0.77-0.9). 

Software analysis revealed median %S-WAL of 71% (95%CI, 68-75%), median VOL-WAL 

of 2.9 L (95% CI, 2.6-3.1 L). The distribution of visual and software-based CT parameters is 

showed in Figure 3. The median time required to achieve the software analysis was 270 seconds 

(95%CI, 240-306 seconds), with a manual correction rate in 143/236 (61%, 54% to 66%) cases. 

The agreement between %V-WAL and %S-WAL was good (ICC, 0.76; 95% CI, 0.69-0.81). 

The WAL was lower in the ICU/death versus no ICU/death group in WOG by either visual 

assessment (median %V-WAL, 53% vs 80%; P<0.001) or software based-analysis (median %S-

WAL, 57% vs 78%, P<0.001; median VOL-WAL, 2.3 L vs 3.4 L, P<0.001). 

The median and median adipose tissue area at T7-T8 level was 189 cm2 (95%CI, 177-201 

cm2). The median adipose tissue area at T7-T8 level was higher in the ICU/death group vs no ICU/ 

death group (208 cm2 vs 170 cm2, P=0.001). 

 

Logistic regression analysis 

 Table 3 and Tables E2-E4 summarize univariable and multivariable logistic regression 

analysis results. In multivariable analysis obtained with only clinical parameters (clinical model), 

the best predictors of the outcome of ICU/death were cardiovascular comorbidities (OR, 3.7; 95% 

CI, 1.9-7.3; P<0.001) and age>68 years (OR, 3.4; 95% CI, 1.7-6.6; P<0.001). 

For the CT metrics of well-aerated lung, we observed worse outcome with lower values of 

well aerated lung parenchyma, appearing statistically significant at the median values of WAL for 

both visual and software-based assessment (Tables E2-E4). Median values were used in 

subsequent assessments. 
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When CT visual assessment of well-aerated lung was added to the model with clinical 

parameters, the %V-WAL<73% (OR, 5.4; 95% CI, 2.7-10.8; P<0.001) was associated with ICU/ 

death (Table 4). Similar findings were confirmed on multivariable analysis results obtained with the 

software-based estimation of WAL (Figures 4 and 5). For the software analysis, both %S-

WAL<71% (OR, 3.8; 95% CI, 1.9-7.5; P<0.001) and VOL-WAL<2.9 L (OR, 2.6; 95% CI, 1.3-5.2; 

P<0.01) were independent predictors of ICU/ death outcome. 

An adipose tissue area at T7-T8>262 cm2 was a predictor of the outcome in the two models 

based on CT software based assessment (in %S-WAL<71% model: OR, 3; 95% CI, 1.4-6.5; in 

VOL-WAL<2.9L model: OR, 2.6, 95% CI, 1.2-5.8; P<0.01). 

Diagnostic performance of the models is reported in Figure 6 and Table 4. The AUC for the 

clinical model was 0.83 (95% CI, 0.777-0.877) with a R2 of 0.31. The models including clinical 

parameters and additional CT evaluation both visual and software-based showed higher AUC and 

R2 as compared to the clinical model (e.g., %V-WAL<73%: AUC 0.86, 95% CI 0.81-0.9, R2 0.36) 

with the same AUC values for both software approaches (AUC 0.86). The models containing %V-

WAL<73% or VOL-WAL<2.9L were superior in terms of performance as compared to the models 

containing only clinical parameters (P=0.04 for both models). 

 
 
Discussion 

 COVID-19 is associated with a variable prognosis. COVID19 pneumonia requires 

mechanical ventilation in up to 17% of patients and shows a mortality ranging from 11% to 15% 

[19, 20]. The results of the present study show that the proportion of well-aerated lung assessed by 

chest CT obtained in the emergency department was associated with better prognosis for patients 

with COVID-19 pneumonia independent of other clinical parameters. For example, patients with 

visually assessed well aerated lung parenchyma (WAL) less than 73% had an odds of 5.4 (95% CI 

2.7-10.8) greater likelihood of ICU admission or death even after adjustment for clinical and 

demographic parameters. Similar overall prognostic performance of WAL was observed for both 

visual scoring and computer analysis of well-aerated lung, supporting the robustness of the results. 

Although visual assessment of well-aerated lung had good interobserver agreement (ICC 0.85) in 
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a research setting, automated software measurement of WAL could, in theory, offer greater 

reliability in the clinic [21]. 

A model for predicting mortality in viral pneumonia (MuLBSTA) included multi-lobar infiltrate 

at imaging also predicted death in COVID-19 patients [19, 22]. Several methods of disease extent 

quantification at chest CT have been proposed, including the extent of emphysema, pulmonary 

fibrosis, and acute respiratory distress syndrome (ARDS) [8, 13, 23-25]. CT score of the burden of 

lung disease was previously reported as a risk factor for mortality in ARDS [8]. However, there is 

scarce data on the prognostic value of CT in COVID-19. A visual semi-quantitative quantification of 

disease extent at CT correlated with clinical severity [26]. However, underlying lung abnormalities 

(e.g. emphysema or lung fibrosis) were not included prior estimates of lung disease burden. 

Well ventilated regions of the lung may be a surrogate of residual respiratory function [6]. 

Furthermore, the aerated lung in ARDS is substantially reduced in volume and might represent an 

important parameter for appropriate setting of mechanical ventilation main parameters, such as 

tidal volume (Vt) and positive end-expiratory pressure (PEEP) [27]. To prevent the ventilation-

induced lung injury (VILI), Vt/aerated lung (defined “baby lung”) ratio should be applied rather than 

Vt/kg ratio because it allows to maintain stress and strain within physiological limits, as reported by 

Gattinoni et al. [27]. This parameter can be calculated only by software. In ARDS, a ratio less than 

40% between well-aerated lung region by CT and predicted total lung capacity were associated 

with a higher risk of death [6]. 

Considering the substantial rate of ARDS in COVID-19 patients (17%), we hypothesized 

the volume of well aerated lung at admission CT may stratify severity of disease. We tested 

patients at emergency department admission to predict ICU admission or death. Notably, ARDS 

criteria were not fulfilled at admission CT. Further, our proposed cut-off of 70-75% well aerated 

lung parenchyma is considerably higher than 40% reported in literature to assess prognosis in 

ARDS patients [6]. We used density threshold different than what suggested previously for ARDS, 

namely range form -900HU indicating nearly 90% gas and 10% tissue to -500HU indicating 50% 

gas and 50% tissue [28]. Again, our -950 to -700 HU range is intended for patients with respiratory 
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function at self-referral and indeed our definition reflects lung approximately completely ventilated 

as compared to severely compromised aerated lung in ARDS [14]. 

Our results also showed an association between adipose tissue area and worse outcome. 

Body mass index (BMI) was not routinely recorded in our emergency department setting. However, 

obesity has been described as a common comorbidity in patient hospitalized for H1N1 influenza 

infection [29]. Previous observations suggest COVID-19 will likely have a more severe course in 

obese patients [30]. For this reason, CT evaluation of adipose tissue could be an objective 

hallmark of obesity with prognostic significance. 

 The study has several limitations. First, it is a retrospective analysis from a single center. 

Second, no spirometric gating in the acquisition of chest CT images was used due to the 

emergency setting for chest. Best et al. previously suggested that spirometric standardization 

might not be necessary for routine CT volume assessment [31]. Third, the inter-rater agreement for 

the software-based quantification was not calculated but is expected to be high for lung fibrosis 

[32]. Fourth, the body size was not calculated. 

 In conclusion, both visual and software-based quantification of the well aerated lung on 

chest CT obtained in the emergency setting were independent predictors of ICU admission or 

death in patients with COVID-19. Quantitative assessment of the extent of lung involvement by 

COVID-19 pneumonia may be useful for routine patient management.  
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Table 1. Patients demographics, comorbidities, symptoms and laboratory findings at 

admission. 

Variables All patients (n=236) Patients without ICU 
admission or death 
(n=128) 

Patients with ICU 
admission or death 
(n=108) 

P value 

Age 68 (66-70) 62 (57-66) 73 (71-75) < 0.001 
Gender 

Male 
Female 

 
177 (75%, 69-80%) 
59 (25%, 19-31%) 

 
97 (76%, 67-82%) 
31 (24%,17-32%) 

 
80 (74%, 65-81%) 
28 (26%, 18-35%) 

 
0.88 

Smoking history 
Unknown 
Never 
Current 
Former 

 
156 (66%, 60-71%) 
49 (21%, 16-26%) 

6 (3%, 1-5%) 
25 (10%, 7-15%) 

 
84 (65%, 57-73%) 
31 (25%, 17-32%) 

3 (2%, 0-1%) 
10 (8%, 4-14%) 

 
71 (65%, 56-74%) 
18 (17%, 11-25%) 
15 (15%, 8-21%) 

4 (3%, 1-8%) 

 
0.29 

Comorbidities 
Cardiovascular 
Pulmonary 
Oncological 
Neurological 
Chronic kidney 
failure 
Hepatic failure 
Diabetes 

 
127 (54%, 47-60%) 
40 (17%, 13-23%) 
35 (15%, 11-20%) 
40 (17%, 13-22%) 

15 (6%, 4-10%) 
 

5 (2%, 1-5%) 
37 (16%, 11-21%) 

 
50 (39%, 31-48%) 
18 (14%, 10-21%) 

10 (8%, 4-14%) 
16 (12%, 8-19%) 

3 (2%, 1-7%) 
 

2 (1%, 0-5%) 
15 (11%, 7-18%) 

 
77 (71%, 62-78%) 
22 (20%, 14-29%) 
25 (23%, 16-32%) 
24 (22%, 15-31%) 
12 (11%, 6-18%) 

 
3 (3%, 1-8%) 

22 (20%, 13-28%) 

 
< 0.001 

0.27 
< 0.01 
0.07 
0.01 

 
0.84 
0.1 

Symptoms 
Fever 
Cough 
Dyspnea 
Asthenia 
Other 

 
230 (97%, 94-98%) 
144 (61%, 54-67%) 
87 (36%, 31-43%) 
28 (12%, 8-16%) 

47 (20%, 15-25%) 

 
123 (96%, 91-98%) 
77 (60%, 51-68%) 
36 (28%, 21-36%) 
15 (12%, 7-18%) 

23 (18%, 13-25%) 

 
107 (99%, 94-99%) 
67 (62%, 52-70%) 
47 (43%, 34-52%) 
13 (12%, 7-19%) 

24 (22%, 15-31%) 

 
0.3 
0.87 
0.02 
0.89 
0.51 

Symptoms onset 
(days) 

5 (5-7) 6 (5-7) 5 (4-7) 0.06 

Temperature at 
admission (°C) 

37.7 (37.4-37.9) 37.5 (37.1-37.8) 37.8 (37.5-38.3) 0.1 

SpO2 (%) 93 (92-94) 94 (93-95) 91 (88-92) < 0.001 
White blood count 
(x 103/µL) 

5.6 (5.2-6.2) 5.2 (4.7-5.7) 6.8 (5.7-7.6) < 0.001 

Lymphocytes count 
(x 103/µL) 

1.02 (0.98-1.1) 1.1 (1.02-1.2) 0.87 (0.8-1.01) < 0.01 

Platelet count (x 
103/µL)  

180 (164-191) 160 (152-170) 203 (186-223) < 0.001 

Lactate 
dehydrogenase 
(U/L) 

347 (325-376) 308 (281-331) 435 (411-465) < 0.001 

CRP (mg/dl) 7.6 (6.4-8.6) 5.1 (4.1-6) 13.3 (11.5-14.1) < 0.001 
eGFR (ml/min/1.73 
m2) 

76 (71-81) 84 (78-88) 69 (61-73) < 0.001 

GOT (U/L) 41 (38-44) 36 (33-39) 46 (42-54) < 0.001 
GPT (U/L) 30 (27-33) 30 (25-34) 31 (27-37) 0.9 

 
Categorical variables are expressed as counts and percentage, with corresponding 95% confidence interval 
(95%CI) using Wilson method in parenthesis. Continuous variables are shown as median and 95%CI for the 
median in parenthesis. Significant P values (< 0.05) are showed in bold type. 
Abbreviations: SpO2, peripheral oxygen saturation; CRP, C-reactive protein; eGFR, estimated glomerular 
filtrate rate; GOT, glutamic oxaloacetic transaminase; GPT, glutamic pyruvic transaminase. 
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Table 2. Computed tomography findings. 

CT findings Overall (n=236) Patients without ICU 
admission or death 
(n=128)  

Patients with ICU 
admission or death 
(n=108) 

P value 

Typical pattern 
Patchy GGO 
Diffuse GGO 
GGO and 
consolidation 

 
Indeterminate 
pattern 
 
Atypical pattern 

 
63 (27%, 21-32%) 

19 (8%, 5-12%) 
119 (50%, 44-57%) 

 
 

29 (12%, 8-17%) 
 
 

6 (3%, 1-5%) 

 
43 (33%, 26-42%) 

4 (3%, 1-8%) 
69 (53%, 45-62%) 

 
 

10 (8%, 4-14%) 
 
 

2 (3%, 1-5%) 

 
20 (18%, 12-27%) 
15 (14%, 9-22%) 

50 (46%, 37-56%) 
 
 

19 (18%, 11-26%) 
 
 

4 (4%, 1-9%) 

 
 

0.03 
 
 
 
 

Bilateral 223 (94%, 91-97%) 123 (96%, 91-98%) 100 (93%, 86-96%) 0.49 
Cranio-caudal 
distribution 

diffuse 
upper zone 
middle zone 
lower zone 

 
 

41 (18%, 13-23%) 
58 (24%, 19-30%) 
34 (15%,10-19%) 

103 (43%, 37-50%) 

 
 

23 (18%, 12-25%) 
26 (20%, 14-28%) 
17 (14%, 8-20%) 

62 (48%, 40-57%) 

 
 

18 (17%, 11-25%) 
32 (30%, 22-38%) 
17 (15%, 11-24%) 
41 (38%, 29-47%) 

 
 

 
0.27 

 
 

Axial distribution 
diffuse 
central 
peripheral 

 
174 (73%, 68-79%) 

5 (2%, 1-4%) 
57 (25%, 19-30%) 

 
83 (64%, 56-72%) 

1 (1%, 0-4%) 
44 (35%, 27-43%) 

 
91 (84%, 76-90%) 

4 (4%, 1-9%) 
13 (12%, 7-19%) 

 
< 0.001 

Involved lobes 
≤ 3 lobes 
> 3 lobes 

 
27 (12%, 8-16%) 

209 (88%, 83-92%) 

 
20 (16%, 10-22%) 

108 (84%, 77-89%) 

 
7 (6%, 3-13%) 

101 (94%, 87-96%) 

 
0.04 

Pleural effusion 47 (20%, 15-25%) 19 (15%, 9-22%) 28 (26%, 19-35%) 0.06 
Mediastinal nodes 
enlargement 

57 (24%, 19-30%) 24 (19%, 13-26%) 33 (31%, 23-40%) 0.06 

Emphysema 53 (22%, 18-28%) 21 (16%, 11-24%) 32 (29%, 21-38%) 0.02 
Pulmonary Fibrosis 8 (3%, 2-7%) 3 (2%, 1-7%) 5 (5%, 2-10%) 0.54 
Well aerated lung, 
visual score (%) 

 73 (70-77) 80 (77-83) 53 (43-57) < 0.001 

Well aerated lung, 
software-based 
score (%) 

71 (68-75) 78 (75-80) 57 (52-61) < 0.001 

Well aerated lung 
parenchyma (L) 

2.9 (2.6-3.1) 3.4 (3.1-3.6) 2.3 (2-2.5) < 0.001 

Adipose tissue area 
at T7-T8 level (cm2) 

189 (177-201) 170 (164-180) 208 (194-255) < 0.001 

 
Categorical variables are expressed as counts and percentage, with corresponding 95% 
confidence interval (95%CI) using Wilson method in parenthesis. Continuous variables are shown 
as median and 95%CI for the median in parenthesis. Significant P values (< 0.05) are showed in 
bold type. 
Abbreviations: WOG, worse-outcome group; n-WOG, not-worse outcome group; GGO, ground-
glass opacity. 
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Table 3. Logistic regression analysis for the relationship between baseline clinical and CT parameters to predict ICU admission/death. 

 Univariable analysis Multivariable clinical Multivariable clinical and CT 

   Visual assessment Software based assessment 

       %V-WAL<73%  %S-WAL<71%  VOL-WAL<2.9 L  

Variables Co OR(95% CI) P 
value Co OR(95% CI) P 

value Co OR(95% CI) P 
value Co OR(95% CI) P value Co OR(95% CI) P 

value 
Age>68 years old 1.3 3.8(2.2-6.6) <0.001 1.2 3.4(1.7-6.6) <0.001 1.1 3.1(1.5-6.2) <0.01 1.1 3(1.5-6) <0.01 1.1 3.1(1.5-6.4) <0.01 

CV comorbidities 1.3 3.8(2.2-6.7) <0.001 1.3 3.7(1.9-7.3) <0.001 1.4 4.2(2.1-8.5) <0.001 1.2 3.4(1.7-7) <0.001 1.2 3.5(1.7-7.1) <0.001 

Oncological comorbidities 1.2 3.5(1.6-7.7) <0.01 - - - - - - - - - - - - 

Chronic kidney failure 1.6 5.2(1.4-18.9) 0.01 - - - - - - - - - - - - 

Dyspnea 0.7 1.9(1.1-3.3) 0.01 - - - - - - - - - - - - 

SpO2<93% 1.3 3.6(2.1-6.2) <0.001 - - NS - - NS - - NS - - NS 

WBC>5.6x103/µL 0.7 2.1(1.2-3.5) <0.01 - - - - - - - - - - - - 

Lymph<1.02x103/µL 0.8 2.3(1.3-3.8) <0.01 - - - - - - - - - - - - 

PLT>180x103/µL  1 2.8(1.7-4.8) <0.001 1 2.9(1.4-5.7) <0.01 1.1 3.2(1.6-6.5) <0.01 0.9 2.4(1.1-4.8) 0.01 0.8 2.2(1.1-4.5) 0.02 

LDH >347 U/L 1.4 4(2.3-6.8) <0.001 1.1 3(1.5-5.9) <0.001 - - NS - - NS 0.8 2.3(1.1-4.6) 0.02 

CRP>7.6 mg/dL 1.6 4.9(2.8-8.4) <0.001 1 2.8(1.5-5.3) <0.01 0.7 2.1(1.1-4.2) 0.03 0.8 2.3(1.1-4.5) 0.02 0.8 2.2(1.1-4.4) 0.02 

eGFR<76 ml/min/1.73 m2 1.1 2.9(1.7-4.9) <0.001 - - NS - - NS - - NS - - NS 

GOT>41 U/L 0.9 2.6(1.5-4.4) <0.001 - - - - - - - - - - - - 

Emphysema 0.8 2.1(1.1-4) 0.02 - - - - - - - - - - - - 

%V-WAL<85% 1.4  4(2.7-8) <0.001 - - - - - - - - - - - - 

%V-WAL<73% 2 7.1(4-12.7) <0.001 - - - 1.7 5.4(2.7-10.8) <0.001 - - - - - - 

%V-WAL<51% 2.8 16(6.8-37.5) <0.001 - - - - - - - - - - - - 

%S-WAL<82% 1.1 3(1.6-5.6) <0.001 - - - - - - - - - - - - 

%S-WAL<71% 1.7 5.6(3.2-9.9) <0.001 - - - - - - 1.3 3.8(1.9-7.5) <0.001 - - - 

%S-WAL<57% 2.9 18.1(7.3-44.8) <0.001 - - - - - - - - - - - - 

VOL-WAL<3.9 L 1.3 3.5(1.8-7) <0.001 - - - - - - - - - - - - 

VOL-WAL<2.9 L 1.5 4.5(2.6-7.9) <0.001 - - - - - - - - - 0.9 2.6(1.3-5.2) 0.01 

VOL-WAL<2 L 1.7 5.3(2.7-10.5) <0.001 - - - - - - - - - - - - 

AT>149 cm2 0.6 1.9(1-3.5) 0.03 - - - - - - - - - - - - 
AT>189 cm2 1 2.8(1.6-4.8) <0.001 - - - - - - - - - - - - 
AT>262 cm2 1.5 4.6(2.4-8.8) <0.001 - - - - - - 1.1 3(1.4-6.5) <0.01 1 2.6(1.2-5.8) 0.01 

 
Variables retained in the models are associated with ICU admission/death at the P< 0.05 level. 
Abbreviations: CT, computed tomography; %V-WAL, well-aerated lung parenchyma percentage assessed visually; %S-WAL, well-aerated lung parenchyma percentage assessed 
by software; VOL-WAL, well-aerated lung parenchyma absolute volume assessed by software; Co, coefficient; OR, odds ratio; CI, confidence interval; CV, cardiovascular; SpO2, 
peripheral oxygen saturation; NS, non-significant; WBC, white blood cell; Lymph, lymphocytes; PLT, platelet; LDH, lactate dehydrogenase; CRP, C-reactive protein; eGFR, 
estimated glomerular filtrate rate; GOT, glutamic oxaloacetic transaminase; AT, adipose tissue area measured at T7-T8 level. 
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Table 4. Sensitivity, specificity, positive predictive value, negative predictive value, area under ROC curves and R-squared values 

derived from logistic regression models for the relationship between baseline clinical and CT parameters to predict ICU admission/death. 

 Sensitivity  Specificity  Positive 
Predictive 

Value  

Negative 
Predictive Value  

AUC (95% CI) R2 P value 

Clinical model 75%(66-82%) 73%(65-81%) 70%(61-78%) 78%(72-83%) 0.83 
(0.78-0.88) 

0.31 Reference 

Model with clinical 
parameters and %V-
WAL<73% 

72%(63-80%) 81(73-88%) 76% (68-82%) 78%(73-83%) 0.86 
(0.81-0.90) 

0.36 0.04 

Model with clinical 
parameters, %S-WAL<71% 
and AT area >262 cm2 

75%(66-83%) 80%(72-86%) 75%(68-81%) 80%(73-85%) 0.86 
(0.80-0.90) 

0.36 0.06 

Model with clinical 
parameters, VOL-WAL<2.9 
L and AT area >262 cm2) 

75%(66-83%) 81%(73-88%) 77%(69-83%) 79%(74-84%) 0.86 
(0.81-0.90) 

0.36 0.04 

 

The ROC curves of the models were compared by the methodology of DeLong et al. [18]. P values refer to the comparison between models 

including CT metrics and model including only clinical parameters; significant P values (< 0.05) obtained are showed in bold type. 

Abbreviations: ROC, receiver operating characteristic; CT, computed tomography; ICU, intensive care unit; PPV, positive predictive value; NPV, 

negative predictive value; AUC, area under ROC curve; R2, R-squared; CI, confidence interval; %V-WAL, well-aerated lung parenchyma 

percentage assessed visually; %S-WAL, well-aerated lung parenchyma percentage assessed by software; AT, adipose tissue area measured at 

T7-T8 level; VOL-WAL, well-aerated lung parenchyma absolute volume assessed by software 
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Figure 1. Diagram showing the patient selection process. Abbreviations: CT, computed 

tomography; COVID-19, severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) disease; 

RT-PCR, reverse-transcription polymerase chain reaction. 
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Figure 2. The Chest Imaging Platform extension (Applied Chest Imaging Laboratory; Boston, 

Massachusetts, USA) implemented in 3D Slicer software (version 4.10.2, https://www.slicer.org) 

performed a fully automatic segmentation of lung parenchyma. The algorithm provides a color map 

of upper, middle, and lower zones lung segmentation displayed with multiplanar reconstructions 

(axial, sagittal, and coronal) and in 3D volume rendered reconstruction. In this example a 54 years-

old female affected by COVID-19 pneumonia. Abbreviations: 3D, three-dimensional; COVID-19, 

severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) disease. 
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Figure 3. Box and Whisker plots show the distribution of the CT parameters. (a) The median 

percentage of the well-aerated lung assessed visually was 73% (interquartile range, 51-85%). (b) 

The median percentage of the well-aerated lung assessed by software was 71% (interquartile 

range, 57-82%). (c) The absolute volume of the well aerated lung median value was 2.9 L 

(interquartile range, 2-3.9 L). (d) The median value of the adipose tissue area at T7-T8 level was 

189 cm2 (interquartile range 149-262 cm2). Abbreviations: CT, computed tomography; V-WAL, 

well-aerated lung assessed visually; S-WAL, well-aerated lung assessed by software; VOL-WAL, 

absolute volume of well-aerated lung; T7-T8, seventh and eight dorsal vertebrae. 
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Figure 4. A 65 years old male affected by COVID-19 pneumonia admitted in ICU. (a) Non-

enhanced axial chest CT image showed bilateral patchy ground glass opacities (arrows) with 

random distribution and peripheral band-like consolidation in the right lower lobe (arrowhead), with 

a visual quantification of the well aerated lung of 35%. (b) The same image, displaying highlighted 

in green the well aerated lung and COVID-19 pneumonia in yellow; the analysis of the relative 

density histogram, quantified an overall well aerated volume of 54%, corresponding to an absolute 

volume of 2.3 L. (c) The 3D pie-chart showed the proportion of COVID-19 pneumonia and well 

aerated lung parenchyma. Abbreviations: COVID-19, severe acute respiratory syndrome 

coronavirus 2 (SARS-CoV-2) disease; CT, computed tomography; 3D, three-dimensional. 
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Figure 5. A 54 years old female affected by COVID-19 pneumonia discharged at home from the 

Emergency Department (a) Non-enhanced axial chest CT image showed peripheral consolidation 

(arrow) in the left lower lobe and peripheral mixed crazy-paving opacities and consolidation in the 

right lower lobe (arrowhead), with a visual quantification of the well aerated lung of 85%. (b) The 

same image, displaying highlighted in green the well aerated lung and COVID-19 pneumonia in 

yellow; the analysis of the relative density histogram, quantified an overall well aerated volume of 

81%, corresponding to an absolute volume of 3.3 L. (c) The 3D pie-chart showed the proportion of 

COVID-19 pneumonia and well aerated lung parenchyma. Abbreviations: COVID-19, severe acute 

respiratory syndrome coronavirus 2 (SARS-CoV-2) disease; CT, computed tomography; 3D, three-

dimensional. 
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Figure 6. Diagnostic performance for prediction of ICU admission or death for patients with 

COVID-19 based on baseline parameters and chest CT at the emergency department admission. 

Receive operator characteristic (ROC) curves of the models based on clinical parameters (blue 

line), clinical parameters and percentage of total lung volume as assessed visually (green line), by 

software histogram analysis (orange line), and as absolute volume (green dotted line). The area 

under the ROC curve (AUC) for the clinical model was 0.83 (95% CI, 0.78-0.88). The models 

including clinical parameters and additional CT evaluation of the well aerated lung parenchyma, 

both visual and software-based showed higher performance as compared to the clinical model 

(%V-WAL<73%: AUC 0.86, 95% CI 0.81-0.90; %S-WAL<71%: AUC 0.86, 95% CI 0.80-0.90; VOL-

WAL: AUC 0.85, 95% CI 0.81-0.90). Abbreviations: CI, confidence interval; %V-WAL, percentage 

of well-aerated lung assessed visually; %S-WAL, percentage of well-aerated lung assessed by 

software; VOL-WAL, absolute volume of well-aerated lung. 

 

 




