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Abstract 
 

Background: Early lung imaging may improve patient management and prognostication in 
acute respiratory failure. 
Research question: We aimed to explore whether quantitative assessment of lung injury 
by computed tomography (CT) predicts outcome in spontaneously breathing patients with 
COVID-19 acute respiratory failure. 
Study Design and Methods: This is a large retrospective, multicenter, cohort study 
including patients presenting to the Emergency Department with a clinical diagnosis of 
COVID-19 respiratory failure and undergoing early lung CT scan at hospital admission. 
Lung injury was characterized by the severity of lung involvement as follows: 1) absence, 
unilateral, or bilateral infiltrates; 2) number of lung quadrants affected by infiltrates (0-4); 
level of global and regional 3) superimposed pressure (SP) and 4) gas/tissue ratio (G/T). 
Baseline, laboratory and clinical characteristics were described by the presence or 
absence of laterality of lung infiltrates. Association of 90-day mortality and lung CT 
characterization was explored using Cox multivariable models and areas under receiving 
operating characteristics. Subphenotypes including CT assessment were explored by 
latent class analyses. 
Results: Eight-hundred and eight patients were included. Bilateral infiltrates were 
associated with higher global and regional SP and G/T and a higher 90-day mortality 
(38%) compared with unilateral infiltrates (18%) or no lung infiltrates (11%). Involvement 
by laterality, quadrants, degree of global SP and G/T were all associated with the degree 
of hypoxemia on admission and 90-day mortality. Among other CT-derived variables of 
lung injury, SP characterized a subphenotype with a robust relationship with 90-day 
mortality. 
Interpretation: Characterization of lung injury severity by early lung CT describes the 
severity of hypoxemia. The adjunct of CT global SP to clinical and laboratory parameters 
identified a subphenotype with high 90-day mortality prediction. Early lung CT may 
enhance population enrichment and improve prognostication in non-intubated patients with 
acute respiratory failure. 
Trial registration: clinicaltrials.gov Identifier: NCT04395482. 
 
Keywords: computed tomography; superimposed pressure; respiratory failure; COVID-19; 
artificial intelligence; mortality; spontaneous breathing. 
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Computed tomography (CT) of the lungs is of paramount importance in the clinical and 
physiological characterization of lung injury in patients with acute hypoxemic respiratory 
failure (AHRF) (1,2). CT informed pathophysiological constructs of the more severe AHRF 
phenotype, the acute respiratory distress syndrome (ARDS), including the “baby lung” (3) 
and the “sponge lung” models (4). Furthermore, CT quantitatively (5) and qualitatively (6) 
described the severity of lung injury. Recently, lung CT helped separate heterogeneous 
populations of critically ill patients into distinct subgroups (7,8), showing potential in 
improving prognostication(9) and personalization of therapeutic interventions (10), 
particularly in ARDS (11). Population enrichment by lung CT seems a valid option to better 
phenotype patients with respiratory failure (12) and target precision medicine endpoints 
(13,14). 
 
Quantitative CT analysis can extract a number of candidate imaging features, but it is 
unclear which of these variables can best summarize injury characteristics when screening 
large image datasets. In patients with ARDS, CT quantification of the superimposed 
pressure (SP) and gas to tissue ratio (G/T) described the degree of lung injury during 
passive ventilation (1). SP estimates the compressive forces that, due to inflammatory 
pulmonary edema, cause dependent lung collapse, and requires relatively straightforward 
image processing. G/T described the balance between the gas versus the tissue content in 
the lungs, suggesting a decreased alveolar gas content or an increased tissue content in 
the presence of a decreased G/T value. (1, 15,16). However, no clinical investigation 
reported correlations between SP values and G/T and clinical outcomes. Recently, in a 
secondary analysis of the LUNG SAFE study, Pham et al. (17) characterized lung injury 
according to its laterality (unilateral versus bilateral) and the number of quadrants involved 
by lung infiltrates on chest X-ray lung images, reporting independent correlations between 
radiological distribution and mortality. This approach requires simple processing and is 
similar to that adopted  to score chest X-ray films in the formulation of the lung injury score 
(LIS) by Murray et al. (18). 
 
The majority of studies assessing lung injury through CT were conducted in mechanically 
ventilated patients with ARDS (9,19,20). In comparison, the role of CT in the 
characterization of the broader population of spontaneously breathing patients with AHRF 
is underexplored. In a large CT-COVID19 multicenter dataset, we showed that integrating 
quantitative CT characteristics with clinical variables separated two phenotypes of non-
ventilated COVID-19-related AHRF (12). In the current study, we further expanded this 
study population to test the hypothesis that lung CT measurements of pulmonary SP, G/T 
and morphological distribution of lung infiltrates according to laterality and quadrant 
involvement may have associations with lung injury severity–according to oxygenation 
criteria–and may enrich the prediction of clinical outcomes during spontaneous breathing. 
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Materials and Methods 
 

Ethical consideration and data acquisition  
 
The study was performed under the Declaration of Helsinki and in agreement with the 
Italian good clinical practice recommendations (.M. Sanità del 15/07/97 e s.m.i.) and with 
the applied healthcare hospital protocols, as we previously described (12).  
 
Inclusion and exclusion criteria 
 
Clinical, laboratory and CT data were collected between February and April 2020, during 
the peak of the first Italian wave of the COVID-19 pandemic.  
 
Inclusion criteria: 

1. Patients≥18 years; 
2. Positive confirmation of SARS-CoV-2 infection with nucleic acid amplification test or 

serology of SARS-CoV2 by nasopharyngeal swab, broncho-aspirate sample or 
bronchoalveolar lavage;  

3. Lung CT scan performed within 7 days since hospital admission. 
 

All patients included in the current analysis were admitted to the Emergency Department 
with a clinical diagnosis of respiratory failure. 
 
Exclusion criteria: 

1. Patients undergoing mechanical ventilation during CT acquisition; 
2. Patients with CT data that cannot be used to estimate CT derived parameters as 

SP.  
 
Chest CT quantification 
 
The lung CT images were collected, anonymized, and sent by the University of Milano-
Bicocca Institutional Google drive account to the University of Pennsylvania, Department 
of Anesthesiology and Critical Care, and Department of Radiology (M.C., Y.X., and S.G.)  
in a de-identified format for advanced quantitative analysis. CT images were segmented 
using a previously validated convolutional neural network(CNN) (21,22). After 
segmentation, whole-lung and lobar lung masks were inspected by a trained investigator 
(Y.X.), and manually adjusted using ITK-snap software (23). SP and G/T were calculated 
as follows: 

o global SP (24) and global G/T (1); 
o apical to basal-regional SP and G/T: by dividing the lung in 10 equally 

distributed sections from the apical to the basal trajectory (25); 
o ventral to dorsal-regional SP and G/T: by dividing the lung into 10 equally 

gravitationally distributed sections. 
 
Specifically, we defined as a lung infiltrate any investigated ROI with a mean lung CT 
density≥-750 HU, as per previous reported thresholds in COVID-19 lesions (i.e. ground 
glass opacification (26) and high-opacity consolidation regions (27–29). The population 
was then stratified based on the laterality of the lungs involved by infiltrates (i.e. none, 
unilateral, and bilateral) and by the number of affected quadrants (i.e. 0,1,2,3, and 4). 
Finally, global SP and G/T were analyzed as continuous data and categorized into tertiles 
for time to event prognostication. 
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Statistical analysis  
 
Continuous variables were expressed as mean and standard deviation (SD) and median 
and interquartile range (IQR), while categorical variables were summarized as absolute 
and relative frequencies. Group comparisons were performed using the chi-square or 
Fisher’s exact test for categorical variables, and one-way analysis of variance (ANOVA). 
P-values were adjusted for multiple testing using the Benjamini–Hochberg procedure. 
Differences in 90-days mortality were assessed by Kaplan–Meier survival analyses and by 
univariable and multivariable Cox proportional regression models. We applied latent class 
analysis (LCA) including both clinical and CT-derived variables to explore distinct 
subphenotypes, and their association with mortality. Multivariable and predictive models 
were adjusted for clinically relevant covariates (demographics (i.e. age, sex); any 
comorbidities; non-respiratory SOFA score (i.e. composed of renal, hepatic and 
coagulation components); severity of lung injury by oxygenation criteria (PaO2/FiO2); 
inflammatory activation (i.e. white blood cells); metabolism (i.e. arterial pH). All analyses 
were performed using R software. 
 
Extensive description of materials and methods was detailed in the Online Supplemental 
material. 
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Results 
 

Patient population  
 
A total of 853 patients were initially screened, of whom 808 patients met inclusion criteria 
for the current analysis. CT scans were obtained at a median 0 days (IQR 0;0) since 
hospital admission. Among them-according to the criteria chosen for the presence of lung 
infiltrates-214 patients (26.5%) had no CT-based lung involvement, 85 patients (10.5%) 
had unilateral CT-based infiltrates, and 509 patients (63.0%) had bilateral CT-based 
infiltrates (eTable 1 and eFigure1). 
 
Baseline Characteristics 
 
We summarized baseline characteristics, comorbidities, and clinical illness severity at 
hospital admission, stratified by groups with different laterality of lung involvement (CT 
density≥-750 HU) in Table1 and eTable1. As compared with no or unilateral infiltrate, 
patients with bilateral infiltrates were older, had higher inflammatory biomarkers and 
platelet count. Further, patients with bilateral infiltrates had a higher prevalence of 
endothelial dysfunction risk factors such as chronic kidney disease, diabetes and systemic 
hypertension. On hospital admission, both hypoxemia and requirement for oxygen 
administration were worse in patients with bilateral infiltrates than in the other two groups. 
 
Quantitative and Qualitative Analysis of Lung CT Images 
 
We provide a comprehensive analysis of quantitative and qualitative lung CT parameters 
stratified by laterality groups. Measurements were obtained in the whole lung, in the left 
and in the right lung (Table2), and in the 4 lung quadrants (eTable2). As compared with 
patients with no or unilateral infiltrates, patients with bilateral infiltrates had higher mean 
lung density, lung mass and the lowest lung volume across all examined ROIs and 
quadrants. Further, they had a higher proportion of tissue involved by lung injury, including 
both ground glass opacities and lung consolidation. 
 
Among all CT-derived continuous variables, we explored global and regional 
characterization of global SP and G/T as they showed the strongest association with 90-
day mortality by time AUROC (eTable 3).  
 
SP and G/T 
 
We described the levels of global SP and G/T across increasing lung injury severity by 
laterality and quadrants of injury (Figure 1) and at a regional level (Figure 2 and eFigure 
3). 
 
Regional SP increased from ventral to dorsal and from apical to basal thoracic sections, 
linearly and with an inverse U-shape, respectively. G/T gradually decreased from ventral to 
dorsal and from apical to basal thoracic sections (Figure 2A,B and eFigure 3A,B). 
Regional SP and G/T were higher and lower, respectively, across all the thoracic sections 
over increasing degrees of lung injury assessed by lung laterality and number of quadrants 
(Figure 2C-F and eFigure 2C-F). 
In eFigure 2, global SP and G/T are separately displayed for both the right and the left 
lung and stratified according to laterality (A,B) and to number of quadrants (C,D) involved 
by lung infiltrates. In patients with unilateral infiltrates, comparing right-sided versus left-
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sided injury, right-sided lungs trended toward a higher global SP. This was observed also 
in patients with bilateral infiltrates and across increasing number of injured quadrants 
(A,B). G/T was lower in the right versus left lung in the presence of 3 injured quadrants but 
no difference was observed across lung laterality of injury (C,D). 
 
Gas exchange parameters 
 
We reported the associations between lung injury involvement by CT and gas exchange 
parameters in Figure3. Patients with bilateral infiltrates had the lowest PaO₂/FiO₂ 
ratio(220±100 mmHg), followed by those with unilateral infiltrates (272±85 mmHg) and no 
infiltrates(334±82 mmHg; p<0.001) (Figure3A). Patients with 4 injured lung quadrants had 
the lowest PaO₂/FiO₂(200±99 mmHg), while patients with no quadrants involved showed 

the highest PaO₂/FiO₂(334±82 mmHg; p<0.001) (Figure3C). A significant negative 
correlation was observed between global SP and G/T with oxygenation (R2=0.302; 
p<0.001) (Figure3E, G, eTable4). 
There were no significant differences in PaCO₂ levels according to the laterality of lung 
injury (Figure3B), the number of lung injured quadrants (Figure3D) and the degree of 
global SP and G/T (Figure3F, H, eTable4).  
 
Treatments, Complications and Outcomes of Patients Stratified by Lung 
Involvement 
 
Pharmacological treatments, complications and clinical outcomes of patients stratified by 
lung laterality are provided in eTable5. 
Patients with bilateral infiltrates had a significantly longer hospital stay (16±19 days) 
compared to those with no infiltrates (11±16 days) and unilateral infiltrates (15±14 days; 
p=0.002). Contrarily, ICU length of stay (LOS) was significantly shorter in patients with 
bilateral infiltrates (17±15 days) compared to those with unilateral infiltrates (31±25 days) 
and no infiltrates (28±23 days; p=0.007). Patients with bilateral infiltrates had a significantly 
higher hospital mortality rate (38%) compared to those with unilateral infiltrates (18%) and 
no infiltrates (11%; p<0.001). 
 
Time-to-event analyses 
 
Figure 4 presents the Kaplan-Meier survival curves at 90-day follow-up stratified by 
laterality of lung injury (A), number of injured quadrants(B) and global SP and G/T 
categories by tertiles (C, D). Survival probability was progressively increasing from 
bilateral (38%) to unilateral (18%) to absence of lung infiltrates (11%) (Log-rank p<0.001). 
As the number of affected quadrants increased, the survival probability decreased from 
89% (no quadrant involved) to 56% (4 injured quadrants) (Log-rank p<0.001; B). 
The survival rate was the lowest in patients with the highest tertile of global SP (50%) and 
the highest in those with the lowest tertile (86%) (Log-rank p<0.001; C). Contrarily, survival 
rate was the lowest in patients with the lowest tertile of global G/T (51.3%) and the highest 
in those with the highest tertile (87.4%) (Log-rank p<0.001; D). 
 
We tested whether the association of the CT-derived variables of lung injury severity with 
90-day mortality may add to the prediction model fitting of a multivariable model including 
major clinically meaningful covariates (Table 3). 
 
Only global SP and G/T were independently associated with 90-day mortality, showing the 
best-fit adjusted Cox proportional regression models for predicting 90-day mortality with 
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the lowest Akaike Information Criterion and Bayesian Information Criterion (model B,C). 
These findings were confirmed after implementing multiple imputations to the multivariable 
models (eTable6).  
 

Latent class analyses 

We applied latent class analyses to explore whether distinct subphenotypes including the 

CT-derived study variables could improve the association with 90-day mortality. Graphical 

representation of subphenotypes identified by LCA are reported in eFigure4. 

Subphenotypes identified by adding global SP to the core dataset unveiled the more 

robust association with 90-day mortality as shown by the lower AIC 2346 and BIC 2349, 

and the higher concordance of 0.68 (SE=0.20) as compared to the other explored models 

(Table 4).  
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Discussion 

We conducted a large retrospective multicenter observational cohort study including more 
than 800 patients spontaneously breathing with COVID-19 respiratory failure who 
underwent lung CT scan at hospital admission. In this population, we report the following 
key findings: 

• Patients with bilateral infiltrates on chest CT had higher mean lung density, larger 
lung mass, and lower lung gas volume as compared with patients with no or 
unilateral infiltrates; 

• Dissemination of lung infiltrates according to laterality or number of quadrants was 
associated with more severe hypoxemia, higher global and regional SP, and a 
lower global and regional G/T; 

• Survival probability decreased over laterality involvement, number of injured 
quadrants, and global superimposed pressure and G/T values; 

• Lung injury severity by laterality, number of quadrants, and degree of global SP and 
G/T predicted 90-day mortality; 

• SP and G/T independently predicted 90-day mortality after adjustments for clinically 
meaningful covariates and outperformed a multivariable model without including 
computed tomography lung injury assessment; 

• Subphenotypes of injury identified by LCA highlighted that - among the CT-derived 
study variables - superimposed pressure showed the best fitting model of 
association with 90-day mortality. 

We showed that CT characterization of lung injury severity has a role in outcome 
prediction in spontaneously breathing patients with acute hypoxemic respiratory failure. 
Among the tested CT-derived variables, global SP had the best accuracy in predicting 
mortality, as compared to topographic injury dissemination, laterality and G/T. 

In this large multicenter cohort of patients with COVID-19 respiratory failure we observed 
that characterization of lung injury by chest CT according to the laterality of lung infiltrates 
identified different clinical, laboratory and outcome descriptors. Our analysis unveiled 
significant differences in baseline characteristics, comorbidities, and clinical illness severity 
between patients with no lung infiltrates, unilateral infiltrates, and bilateral infiltrates. 
Bilateral lung infiltrates were associated with older age, higher levels of systemic 
inflammation, a higher proportion of comorbidities, and worse clinical outcomes. As 
patients with bilateral infiltrates had significantly higher levels of inflammatory biomarkers, 
this finding may suggest an early acute inflammatory response at hospital admission which 
could be useful in predicting treatment responses (30–32).  

Our findings are in line with those reported by Pham and colleagues, who observed 
baseline clinical and outcome differences between patients with ARDS versus patients 
with unilateral infiltrates (17) as visually identified on chest X-ray. Furthermore, our results 
add to their data because we confirm association between lung injury severity by laterality 
and number of quadrants with mortality in a different population of spontaneously 
breathing patients with COVID-19 acute respiratory failure. While Pham et al. performed 
their radiological assessment on plain chest X-ray, we observed that global SP, which can 
only be obtained via quantitative CT, was the more robust predictor of mortality. 

SP and G/T had a pivotal role in the characterization of lung injury severity in ARDS and in 
the understanding of the effects of ventilator setting during passive ventilation (33), since 
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the early ‘90s, with the studies by Gattinoni and coworkers (4,34).  However, no studies 
explored whether SP and G/T may associate with outcome in patients with respiratory 
failure and during spontaneous breathing. Our data suggest that–as for lung injury severity 
assessed by lung laterality and number of quadrants–global SP and G/T strongly 
correlated with the degree of hypoxemia, considered by most an index of severity of 
respiratory failure. This finding is in line with the data by Pelosi et al. who highlighted a 
higher SP in the presence of acute respiratory failure (i.e. lower oxygenation because of a 
lower gas to tissue ratio) as compared to normal subjects (i.e. higher oxygenation because 
of a higher gas to tissue ratio (34). Interestingly, PaCO₂ levels did not significantly differ 
over increasing lung injury severity as assessed by lung laterality, number of injured 
quadrants of degree of SP. We can speculate that in spontaneously breathing patients 
who were studied early after hospital admission, the CO2 was probably controlled by 
patients’ relatively preserved respiratory drive. 

Interestingly, bilateral infiltrates were associated with increased total lung injury, because 
of a higher proportion of both ground-glass opacities (GGO) and consolidation. 
Consequently, the global and regional SP was higher as compared with patients with 
unilateral or with no infiltrates. As the lung height did not relevantly change across the 
groups, the differences in SP suggested that the change in lung density is the primary 
marker characterizing the severity of pulmonary edema due to lung injury. In fact, SP 
values increase in the presence of an injured lung (i.e. higher density and lower lung gas 
volume).  

After adjustment for clinically meaningful variables, SP and G/T improved outcome 
prognostication as compared to a multivariable model including only oxygenation as a 
marker of lung injury severity. Furthemore, when explored by LCA, the identification of 
subphenotypes including CT-derived variables showed that SP allowed to obtain the 
highest association with 90-day mortality. This further emphasizes the importance of the 
mechanical increase of weight of the lungs because of injury and edema, and its potential 
as a target to optimize therapeutic strategies. Different quantitative and qualitative lung CT 
variables were explored to improve population enrichment strategies and better 
characterize specific clusters of patients and add to patient prognostication (12,35,36). 
However, considering its comprehensive role in integrating different dimensions of lung 
injury including lung height as a proxy of lung geometry and lung density as a descriptor of 
the balance between gas and lung tissue content - the role of SP may better characterize 
heterogeneous populations with respiratory failure that may respond differently to 
pharmacological treatment (37) or ventilator setting (38). Finally, superimposed pressure is 
a quantitative variable that can be rapidly obtained within the radiological CT assessment, 
and its quantification can be automatized once gravimetric and volumetric information are 
obtained. 

Incorporating early CT data alongside clinical and laboratory parameters using latent class 
analysis appears to facilitate the identification of subphenotypes with strong mortality-
predictive value. This suggests that early quantitative lung CT could be a valuable tool for 
predictive enrichment and prognostication in non-intubated patients with acute respiratory 
failure. Although the AI-assisted lung segmentation technique is highly accurate—requiring 
manual correction in only 3% of CT studies—the prognostic benefit of early lung CT should 
be weighed against the patient’s overall clinical stability, including hemodynamic and 
neurological integrity, to ensure safe imaging. 
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Our study has some strengths. First, it includes a homogeneous cohort of spontaneously 
breathing patients with respiratory failure enrolled during the same COVID-19 pandemic 
wave, limiting genetic Sars-CoV2 genetic variation and potential preventative measures 
(e.g. vaccines). Second, it is a large multicenter cohort study including more than 800 
patients undergoing early lung CT-scan at hospital admission and during spontaneous 
breathing. Third, our analysis on lung injury severity took advantage of an advanced 
validated algorithm for lung segmentation of the region of interest explored at the lung CT 
by convolutional neural network that were later manually confirmed (22). Fourth, this study 
explores for the first time the role of SP, G/T, lung laterality and injured quadrants on the 
characterization by lung injury severity (i.e. gas exchange) and prognostication (i.e. 90-day 
mortality) in spontaneously breathing patients. This is relevant reminding that the 
prognostication role of SP was not yet investigated during passive ventilation. Fifth, SP is 
easily quantifiable by a software and this procedure may be automatized and immediately 
provide this key diagnostic and prognostic information immediately after the acquisition of 
the CT images. 

While our study provides valuable insights, it has some limitations. The retrospective 
design and the lack of standardized imaging protocols across centers may introduce 
variability in CT data acquisition. The assessment of SP by lung computed tomography in 
non-intubated patients has not been previously validated; therefore, our findings should be 
interpreted as exploratory and hypothesis-generating. Further, lung CT did not include 
vascular phases. However, although in a limited sample size no differences in Dimers 
were observed between degrees of injury severity across lung laterality. We acknowledge 
that our study focuses on patients with COVID-19-related acute respiratory failure, 
therefore these findings may not be generalizable to other causes of hypoxemic 
respiratory failure. However, this ensures a highly homogeneous study population which 
can be considered a critically ill model of viral pneumonia, reducing variability, and 
allowing a robust physiological, imaging and outcome characterization. Finally, while 
arterial carbon dioxide elimination was recorded, data on patient respiratory drive and 
minute ventilation were not available because the patients were not intubated. 

Conclusions 

In conclusion, our study highlights the importance of early lung CT imaging in the 
characterization of lung injury severity in spontaneously breathing patients with COVID-19 
induced acute respiratory failure. Lung injury severity described by laterality or quadrants 
of lung infiltrates and global SP and G/T strongly correlates with the degree of hypoxemia. 
In our multicenter cohort, SP identifies a subphenotype of injury which is strongly 
associated with 90-day mortality and may play a critical role in population enrichment and 
outcome prognostication.  
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Figure legends 
Figure 1. Relationship between lung involvement, SP and Gas/Tissue ratio (G/T). (A–B) 
Comparison of SP (A) and Gas/Tissue ratio (B) across categories of lung infiltrates (none, 
unilateral, bilateral). (C–D) Comparison of SP (C) and Gas/Tissue ratio (D) according to 
the number of lung quadrants involved with disease (n, ≥-750 HU). Bars represent mean 
values ± standard deviation. p-values refer to one-way ANOVA comparisons. n=808 
patients. 
 
Figure 2. Thoracic profiles of regional lung density (dorsal to ventral) and SP. (A–B) 
Overall profiles of regional SP (cmH₂O) and Gas/Tissue ratio across 10 thoracic sections 
from dorsal to ventral regions (n = 808). (C–D) SP (cmH₂O) and Gas/Tissue ratio 
categorized by CT-based lung involvement according to laterality: None (n = 214), 
Unilateral (n = 85), Bilateral (n = 509). (E–F) SP (cmH₂O) and Gas/Tissue ratio 
categorized by the number of quadrants with disease: 0 quadrants (n = 214), 1 quadrant (n 
= 66), 2 quadrants (n = 107), 3 quadrants (n = 95), 4 quadrants (n = 326). Changes of SP 
(A) and Gas/Tissue ratio (B) across dorsal to ventral regions of the lungs were significantly 
different (p<0.05, repeated measurements one-way ANOVA). Each dot represents the 
mean value of each thoracic section. Vertical bars indicate ± 1 standard deviation. 
Asterisks indicate sections with statistically significant differences between groups (p<0.05, 
one-way ANOVA). 
 
Figure 3. Comparison of gas exchange parameters and their association with lung 
involvement. (A–B) PaO₂/FiO₂ and PaCO₂ values stratified by the extent of lung infiltrates 
(none, unilateral, bilateral). (C–D) PaO₂/FiO₂ and PaCO₂ values across increasing number 
of injured lung quadrants (n, ≥-750 HU). (E–F) Linear correlation between global SP with 
PaO₂/FiO₂ (E) and PaCO₂ (F). Linear correlation between global gas to tissue ratio (whole 
lung) with PaO₂/FiO₂ (G) and PaCO₂ (H). Bars represent mean values ± 1 standard 
deviation. p-values refer to ANOVA tests (A–D), linear regression analyses between SP 
with PaO₂/FiO₂ and PaCO₂ (E–F) and linear regression analysis between gas to tissue 
ratio with PaO₂/FiO₂ and PaCO₂ (G–H). The shaded area around the regression lines 
represents the 95% confidence interval. 
 

Figure 4. Kaplan-Meier survival curves according to lung involvement and SP categories. 
(A) Survival stratified by CT-based lung infiltrates (none, unilateral, bilateral). (B) Survival 
according to the number of quadrants involved with disease (n, ≥-750 HU). (C) Survival 
stratified by tertiles of global SP. Lower tertile range: 2.1-4.6 cmH₂O; middle tertile range: 

4.6-6.6 cmH₂O; upper tertile range: 6.6-15.3 cmH₂O. (D) Survival stratified by tertiles of 
global G/T. Lower tertile range: 0.3–2.0; middle tertile range: 2.0–3.3; upper tertile range: 
3.3–7.7. The number of patients at risk at different time points is shown below each graph. 
The follow-up was censored at 90 days for all patients. All analyses were conducted in the 
overall cohort of 808 patients. 
  

Jo
urn

al 
Pre-

pro
of



Take Home Points 

Study Question: Does early quantitative assessment of lung injury on computed 
tomography (CT) predict outcomes in spontaneously breathing patients with COVID-19–
related acute respiratory failure? 

Results: Among CT-derived metrics used to quantify lung injury, superimposed pressure 
identified a distinct subphenotype of non-intubated patients with acute respiratory failure. It 
showed the strongest association with 90-day mortality, outperforming lung laterality, the 
number of affected quadrants, and the gas-to-tissue ratio. 
 
Interpretations: Early CT-based evaluation of superimposed pressure in non-intubated 
patients with acute respiratory failure may improve prognostication and support population 
enrichment in clinical studies. 
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Table 1. Baseline characteristics, clinical illness severity, comorbidities, and respiratory 
support at hospital admission stratified by lung involvement (CT density≥-750 HU). 

 
Overall 
(N=808) 

No 
infiltrates 
(N=214) 

Unilateral 
infiltrates 

(N=85) 

Bilateral 
infiltrates 
(N=509) 

p 

Demographic characteristics      

Age (years); N=808 66.6 (14.6) 61.4 (15.1) 67.2 (14.8) 68.7 (13.8) <0.001 

BMI (Kg/m2); N=326 27.9 (4.8) 27.3 (5.1) 27.1 (4.0) 28.1 (4.8) 0.383 

Sex F (%); N=808 35 38 32 35 0.579 

Clinical baseline characteristics      

Temperature (°C); N=785 37.6 (1.0) 37.3 (1.0) 37.8 (1.1) 37.7 (1.0) <0.001 

Renal SOFA 0 (0-1) 0 (0-0) 0 (0-0) 0 (0-1) 0.001 

Hepatic SOFA 0 (0-0) 0 (0-0) 0 (0-0) 0 (0-0) 0.227 

Coagulation SOFA 0 (0-1) 0 (0-1) 0 (0-1) 0 (0-1) 0.190 

WBCs (x1000/μL); N=789 7.4 (3.8) 6.1 (2.5) 6.9 (3.5) 8.0 (4.1) <0.001 

PaO2/FiO2 (mmHg); N=708 253.5 (105.9) 333.7 (81.5) 272.3 (85.1) 219.7 (99.9) <0.001 

PaCO2 (mmHg); N=707 32.9 (5.6) 32.6 (5.3) 32.7 (6.3) 33.0 (5.6) 0.724 

HCO3- (mmol/l); N=701 22.8 (3.5) 22.6 (3.0) 22.6 (3.5) 22.9 (3.7) 0.465 

pH; N=702 7.5 (0.0) 7.5 (0.0) 7.5 (0.1) 7.5 (0.0) 0.855 

Major Comorbidities      

COPD; N=808 46 (5.7) 11 (5.1) 4 (4.7) 31 (6.1) 0.808 

Asthma; N=808 34 (4.2) 9 (4.2) 4 (4.7) 21 (4.1) 0.970 

Congestive heart failure; N=808 35 (4.3) 7 (3.3) 4 (4.7) 24 (4.7) 0.674 

Chronic kidney disease; N=808 50 (6.2) 10 (4.7) 1 (1.2) 39 (7.7) 0.040 

Chronic liver failure; N=808 5 (0.6) 1 (0.5) 1 (1.2) 3 (0.6) 0.772 

Solid cancer; N=808 29 (3.6) 8 (3.7) 4 (4.7) 17 (3.3) 0.814 

Hematologic malignancy; N=808 13 (1.6) 3 (1.4) 3 (3.5) 7 (1.4) 0.331 

Immune mediated disease; 
N=808 

31 (3.8) 10 (4.7) 1 (1.2) 20 (3.9) 0.359 

Diabetes; N=808 134 (16.6) 14 (6.5) 17 (20) 103 (20.2) <0.001 

Systemic hypertension; N=808 401 (49.6) 76 (35.5) 47 (55.3) 278 (54.6) <0.001 

Atrial fibrillation; N=808 77 (9.5) 12 (5.6) 11 (12.9) 54 (10.6) 0.059 

Hypothyroidism; N=558 33 (5.9) 5 (5.4) 2 (3.6) 26 (6.3) 0.713 

Respiratory support; N=788     <0.001 

Oxygen 
delivery 

Room air 521 (66.1) 176 (86.7) 58 (69) 287 (57.3) 

LFO 250 (31.7) 26 (12.8) 26 (31) 198 (39.5) 

Non-invasive 
ventilation 

cPAP 17 (2.2) 1 (0.5) 0 (0) 16 (3.2) 

Time between admission and CT 
scan, days; median (IQR); N=784 

0 (0;0) 0 (0;0) 0 (0;0) 0 (0;0) 0.986 
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Table 2. Quantitative and qualitative analysis of lung CT images stratified by lung laterality. 
Values are expressed as mean (standard deviation).  

 

Overall 
(N=808) 

No infiltrates 
(N=214) 

Unilateral 
infiltrates 

(N=85) 

Bilateral 
infiltrates 
(N=509) 

p 

WHOLE LUNG      

Lung density (HU) -707 (108) -824 (25) -770 (22) -647 (91) p<0.001 

Lung volume (L) 4.07 (1.28) 5.31 (1.09) 4.44 (1.09) 3.49 (0.96) p<0.001 

Lung gas volume (L) 2.96 (1.25) 4.39 (0.98) 3.42 (0.87) 2.29 (0.78) p<0.001 

Gas/tissue ratio 2.89 (1.41) 4.79 (0.88) 3.39 (0.44) 2.00 (0.68) p<0.001 

Lung mass (kg) 1.11 (0.34) 0.92 (0.16) 1.02 (0.25) 1.20 (0.37) p<0.001 

GGO (%) 34.7 (15.8) 16.2 (4.7) 25.6 (5.4) 44.0 (11.7) p<0.001 

Consolidation (%) 6.7 (6.3) 2.3 (0.6) 3.8 (1.5) 9.0 (6.9) p<0.001 

Total injury (%) 41.4 (19.7) 18.5 (5.1) 29.3 (5.4) 53.1 (14.7) p<0.001 

Lung height (cm) 20.0 (2.1) 20.2 (2.0) 20.4 (2.3) 19.8 (2.1) 0.012 

Global superimposed 
pressure (cmH2O) 5.8 (2.2) 3.6 (0.6) 4.7 (0.7) 7.0 (1.9) p<0.001 

LUNG LATERALITY      

Left lung      

Lung density (HU) -705 (118) -823 (27) -769 (40) -645 (106) p<0.001 

Lung volume (L) 1.88 (0.63) 2.48 (0.54) 2.04 (0.53) 1.61 (0.48) p<0.001 

Lung gas volume (L) 1.37 (0.61) 2.05 (0.49) 1.58 (0.43) 1.05 (0.40) p<0.001 

Gas/tissue ratio 2.90 (1.44) 4.78 (0.91) 3.45 (0.69) 2.02 (0.75) p<0.001 

Lung mass (kg) 0.51 (0.16) 0.43 (0.08) 0.47 (0.14) 0.55 (0.18) p<0.001 

GGO (%) 35.1 (16.3) 16.6 (5.0) 26.0 (7.1) 44.5 (12.5) p<0.001 

Consolidation (%) 6.8 (7.8) 2.2 (0.6) 3.7 (2.3) 9.2 (8.9) p<0.001 

Total injury (%) 41.9 (20.5) 18.8 (5.4) 29.7 (8.2) 53.7 (16.0) p<0.001 

Lung height (cm) 18.7 (2.9) 19.4 (2.1) 18.9 (3.3) 18.3 (3.0) p<0.001 

Global superimposed 
pressure (cmH2O) 5.4 (2.1) 3.4 (0.6) 4.4 (1.1) 6.5 (2.0) p<0.001 

Right lung      

Lung density (HU) -705 (112) -824 (27) -766 (40) -645 (95) p<0.001 

Lung volume (L) 2.19 (0.68) 2.83 (0.57) 2.40 (0.65) 1.89 (0.51) p<0.001 

Lung gas volume (L) 1.59 (0.67) 2.34 (0.52) 1.85 (0.55) 1.23 (0.42) p<0.001 

Gas/tissue ratio 2.90 (1.46) 4.82 (0.94)  3.39 (0.74) 2.00 (0.71) p<0.001 

Lung mass (kg) 0.60 (0.19) 0.49 (0.09) 0.55 (0.13) 0.65 (0.20) p<0.001 

GGO (%) 34.5 (16.2) 15.9 (5.0) 25.9 (7.7) 43.8 (12.3) p<0.001 

Consolidation (%) 6.9 (6.8) 2.4 (0.8) 4.1 (2.4) 9.3 (7.5) p<0.001 

Total injury (%) 41.4 (20.1) 18.3 (5.4) 29.9 (8.6) 53.1 (15.3) p<0.001 

Lung height (cm) 19.2 (2.9) 19.7 (2.2) 19.3 (3.4) 19.0 (3.0) 0.007 

Global superimposed 
pressure (cmH2O) 5.6 (2.2) 3.5 (0.6) 4.5 (1.1) 6.7 (2.1) p<0.001 

HU=Hounsfield units; GGO: ground-glass opacities. Adjusted p-value for multiple 

comparisons was reported according to Benjamini & Hochberg. 
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Table 3. Multivariable analyses of association between 90-day mortality and CT-

derived characterization of lung injury severity adjusted for the core dataset in the 

complete cases. 

Variable 

Adjusted 
HR (95%CI) 

p-value 
Model A:  

Core dataset 
 

Adjusted 
HR (95%CI) 

p-value 
Model B: 

Core dataset + 
SP  

Adjusted 
HR (95%CI) 

p-value 
Model C: 

Core dataset + 
G/T 

Adjusted 
HR (95%CI) 

p-value 
Model D: 

Core dataset + 
laterality 

Adjusted 
HR (95%CI) 

p-value 
Model E: 

Core dataset + 
quadrants 

Demographic and 
clinical variables 

   
  

Age, n 
1.06 (1.04-1.07) 

p<0.001 
1.06 (1.04-1.07) 

p<0.001 
1.06 (1.04-1.07) 

p<0.001 
1.05 (1.04-1.07) 

p<0.001 
1.06 (1.04-1.08) 

p<0.001 

Sex (Ref. Male) 
0.65 (0.46-0.90) 

p=0.010 
0.63 (0.45-0.88) 

p=0.007 
0.58 (0.41-0.81) 

p=0.002 
0.63 (0.45-0.88) 

p=0.007 
0.57 (0.40-0.80) 

p=0.001 

Any comorbidities 
(Ref. No) 

1.25 (0.84-1.87) 
p=0.267 

1.19 (0.80-1.78) 
p=0.389 

1.22 (0.82-1.81) 
p=0.332 

1.23 (0.82-1.84) 
p=0.309 

1.22 (0.82-1.81) 
p=0.337 

PaO2/FiO2 
0.99 (0.99-0.99) 

P<0.001 
0.99 (0.99-0.99) 

P<0.001 
0.99 (0.99-0.99) 

P<0.001 
0.99 (0.99-0.99) 

P<0.001 
0.99 (0.99-0.99) 

P<0.001 

Non-respiratory SOFA  
1.30 (1.15-1.48) 

p<0.001 
1.311(1.15-1.48) 

p<0.001 
1.29 (1.14-1.47) 

p<0.001 
1.30 (1.14-1.48) 

p<0.001 
1.30 (1.14-1.48) 

p<0.001 

pH 
0.29 (0.02-5.29) 

p=0.403 
0.48 (0.03-8.83) 

p=0.620 
0.38 (0.02-7.03) 

p=0.514 
0.27 (0.01-4.89) 

p=0.373 
0.54 (0.03-10.97) 

p=0.690 

WBC (x103) 
0.99 (0.95-1.05) 

p=0.470 
0.99 (0.95-1.02) 

p=0.490 
0.98 (0.95-1.02) 

p=0.384 
0.99 (0.95-1.02) 

p=0.407 
0.98 (0.95-1.01) 

p=0.260 

CT lung injury 
severity 

    
 

Superimposed 
pressure (cmH2O) 

 
1.14 (1.06-1.23) 

<p=0.001 
- - 

 

Gas/Tissue ratio (%)   
0.76 (0.64-0.90) 

P<0.001 
 

 

Lung infiltrates 
(Ref. None) 

    
 

• Unilateral  - 
 

1.04 (0.49-2.21) 
p=0.924 

 

• Bilateral  - 
 

1.40 (0.79-2.48) 
p=0.253 

 

Quadrants 
(Ref. None) 

    
 

• One  - - 
 

1.29 (0.58-2.87) 
p=0.537 

• Two  - - 
 

0.91 (0.46-1.83) 
p=0.799 

• Three  - - 
 

1.13 (0.58-2.20) 
p=0.714 

• Four  - - 
 

1.77 (0.98-3.22) 
p=0.059 

AIC 2197 2187 2188 2199 2194 

BIC 2220 2213 2214 2229 2230 

Concordance 
(standard error) 

0.827 (0.012) 0.831 (0.012) 0.830 (0.012) 0.828 (0.012) 0.830 (0012) 

N=595 Events=199. Missing data for PaO2/FiO2 (n=100 – 12.4%), non-respiratory SOFA (n=141 – 
17.5%), pH (n=106 – 13.1%), WBC (n=19 – 2.4%). 
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Table 4. Association between 90-day mortality and subphenotypes through latent 

class analyses including core dataset and CT-derived characterization of lung injury 

severity. 

LCA HR (95% CI) p-value AIC BIC Concordance (SE) 

Model A:  
Core dataset (Ref. S1) 

2.19 (1.65-2.91) <0.001 2440 2442 0.60 (0.02) 

Model B: 
Core dataset + SP (Ref. S1) 

5.06 (3.81-6.73) <0.001 2346 2349 0.68 (0.01) 

Model C: 
Core dataset + G/T 
(Ref. S1) 

2.32 (1.75-3.10) <0.001 2434 2438 0.60 (0.02) 

Model D: 
Core dataset + Laterality 
(Ref. S1) 

3.61 (2.42-5.38) <0.001 2417 2420 0.62 (0.01) 

Model E: 
Core dataset + Quadrants 
(Ref. S1) 

4.18 (3.11-5.63) <0.001 2372 2375 0.67 (0.02) 

SP=global superimposed pressure; S1=subphenotype 1; S2=subphenotype 2. 
 
Model A: S1 N=327; S2 N=268 
Model B: S1 N=422; S2 N=173 
Model C: S1 N=298; S2 N=297   
Model D: S1 N=400; S2 N=195 
Model E: S1 N=361; S2 N=234 
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Figure 1. 
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Figure 2. 

 

 

Jo
urn

al 
Pre-

pro
of



Figure 3. 
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Figure 4. 
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