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Summary Statement  

CT-derived muscle status allowed to predict clinical outcome (intensive care unit admission and death during 

hospitalization) in patients with COVID-19. 

 

Key Results  

- At multivariable binary logistic regression on 552 COVID-19 patients with CTs performed on 

emergency department admission, lower-than-median T5 paravertebral muscle area yielded the 

highest significant odds ratios for intensive care unit admission admission (odds ratio 4.3, P<.001) 

and death (odds ratio 2.3, P=.001). 

- A combined model of CT-derived muscle status and lung disease extent allowed to predict death 

(area under the curve 0.81), without any increase in predictive performance when adding clinical 

data. 

 

Abbreviations 

COVID-19: Coronavirus Disease 2019 

SARS-CoV-2: Severe Acute Respiratory Syndrome Coronavirus 2 

ICU: Intensive Care Unit 

GGOs: Ground-glass Opacities 

SMM: Skeletal Muscle Mass 

DMI: Dorsal Muscle Index 

OR: Odds Ratio 

CI: Confidence Interval 

ROC: Receiver Operating Characteristics  

AUC: Area Under the Curve  
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Abstract 

Background: Lower muscle mass is a known predictor of unfavorable outcome, but its prognostic impact on 

COVID-19 patients is unknown.  

Purpose: To investigate the contribution of CT-derived muscle status in predicting clinical outcomes in 

COVID-19 patients. 

Materials and Methods: Clinical/laboratory data and outcomes (intensive care unit [ICU] admission and 

death) were retrospectively retrieved for patients with reverse transcriptase polymerase chain reaction-

confirmed COVID-19, who underwent chest CT on admission in four hospitals in Northern Italy from 

February 21 to April 30, 2020. Extent and type of pulmonary involvement, mediastinal lymphadenopathy, 

and pleural effusion were assessed. Cross-sectional areas and attenuation of paravertebral muscles were 

measured on axial CT images at T5 and T12 vertebral level. Multivariable linear and binary logistic 

regression, including calculation odds ratios (OR) with 95% confidence intervals (CIs), were used to build 

four models to predict ICU admission and death, tested and compared using receiver operating characteristic 

curve (ROC) analysis.  

Results: A total 552 patients (364 men; median age 65 years, interquartile range 54–75) were included. In a 

CT-based model, lower-than-median T5 paravertebral muscle area showed the highest ORs for ICU 

admission (OR 4.8, 95% CI 2.7–8.5; P<.001) and death (OR 2.3, 95% CI 1.0–2.9; P=.027). When clinical 

variables were included in the model, lower-than-median T5 paravertebral muscle area still showed the 

highest ORs both for ICU admission (OR 4.3; 95% CI 2.5–7.7; P<.001) and death (OR 2.3, 95% CI 1.3–3.7; 

P=.001). At ROC analysis, the CT-based model and the model including clinical variables showed the same 

area under the curve (AUC) for ICU admission prediction (AUC 0.83, P=.380) and were not different in 

predicting death (AUC 0.86 versus AUC 0.87, respectively, P=.282). 

Conclusion: In hospitalized patients with COVID-19, lower muscle mass on CT was independently 

associated with ICU admission and hospital mortality. 
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Introduction 

The clinical picture of coronavirus disease 2019 (COVID-19), caused by infection with severe acute 

respiratory syndrome coronavirus 2 (SARS-CoV-2), includes fever, cough, dyspnea, fatigue, and myalgia, 

with possible evolution to severe pneumonia, acute respiratory distress syndrome, and even death (1). As 

suggested by recent studies, elderly patients and those with underlying comorbidities like heart or lung 

disease, obesity, and diabetes are at higher risk of developing severe complications (1,2).  

Lower muscle mass and sarcopenia, i.e. progressive loss of skeletal muscle mass and strength, are also 

generally encountered in elderly subjects (3) and are independent predictors of unfavorable outcome in 

trauma, cancer, chronic disease, and major surgery (3–7). Body composition might affect the clinical 

outcome of patients with pneumonia, as suggested by several authors (8,9) and proved by Buchman et al. 

(10), who identified an independent association with mortality in pneumonia patients for respiratory muscle 

strength and extremity muscle strength, coupled with and pulmonary function.  

Among body composition parameters, visceral fat has been extensively shown to be an adverse outcome 

predictor in COVID-19 patients (11). Conversely, the postulated prognostic impact of lower muscle mass in 

COVID-19 patients (12) has only been preliminary evaluated (13,14), although it could be considered a 

proxy of the general health status and of the action of various typical comorbidities in elderly patients. If 

present, the exploitation of an association between muscle mass and outcomes in COVID-19 patients would 

rely on prompt identification of such a status, possibly even on emergency department admission, in order to 

aid patient stratification. Of note, information on muscle status could be easily retrieved by segmentation of 

specific skeletal muscle districts (4,7) on chest CT, which has been extensively used for patients’ triage and 

monitoring during the SARS-CoV-2 pandemic (15–20) – mainly to address the shortcomings of reverse 

transcriptase-polymerase chain reaction testing (15,18). Compared to detailed retrieval of comorbidities 

through history taking and to extensive laboratory panel tests, chest CT could therefore offer a two-sided 

approach for patient triage and management planning. 

Thus, in this study we aimed to retrospectively investigate the potential contribution of CT-derived muscle 

status in predicting clinical outcomes in COVID-19 patients.   
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Materials and Methods 

This multicenter retrospective observational study involved four hospitals in Northern Italy: Azienda 

Ospedaliero-Universitaria Maggiore della Carità, Novara (Center 1); ASST Grande Ospedale Metropolitano 

Niguarda, Milano (Center 2); Fondazione Poliambulanza Istituto Ospedaliero, Brescia (Center 3); IRCCS 

Istituto Ortopedico Galeazzi, Milano (Center 4). Approval from the Ethics Committee of each institution was 

obtained and specific informed consent was waived. 

Consecutive hospitalized patients with reverse transcriptase-polymerase chain reaction-confirmed SARS-

CoV-2 infection who underwent chest CT within 24 hours from emergency department admission were 

included (Figure 1). Exclusion criteria subsequently applied regarded the presence of diseases which 

chronically impair muscular status (e.g., Duchenne’s dystrophy) or inadequate image quality of CT exams 

(e.g., presence of motion artefacts or spine implants) preventing adequate segmentation of paravertebral 

skeletal muscle area. Patient-specific data on emergency department admission were retrieved from 

electronic records (Table E1), including demographics, body mass index (BMI), symptoms, comorbidities, 

and laboratory tests, focusing on major negative clinical predictors for COVID-19 patients (21). Clinical 

outcomes, such as intensive care unit (ICU) admission and discharge or death, were retrospectively retrieved. 

Image Acquisition and Analysis 

All chest CTs were performed with the patient in supine position, during a single inspiratory breath-hold 

whenever possible. Technical characteristics of CT scanners and acquisition parameters for each center are 

listed in Table E2.  

Image analysis was independently performed by four radiologists with an 8- to 15-year experience in chest 

imaging. Progression and extent of pulmonary parenchymal involvement were assessed by the radiologist on 

her/his own institutional picture archiving and communications system (PACS) viewer. Involvement 

progression was classified through a semiquantitative scale from 1 to 4, as absence of ground-glass opacities 

(GGOs) and consolidations (score 1), presence of GGOs alone (score 2), combination of GGOs and 

consolidations (score 3), consolidations alone (score 4). Disease extent was classified as proposed by 

Bernheim et al. (17): 0% (absent, 0); 1–25% (minimal, 1); 26–50% (mild, 2); 51–75% (moderate, 3); over 

75% (severe, 4). Presence of crazy-paving pattern, mediastinal lymphadenopathy (i.e., the presence of at 

least one lymph node with short axis > 10 mm) (22), and pleural effusion was also recorded. 



In 
pre

ss
 

 

Skeletal muscle area was measured using each hospital PACS viewer tools. As previously reported (7,23), 

axial CT images at T5 and T12 vertebral levels were chosen to measure the electronic density expressed in 

Hounsfield units and cross-sectional areas of the paravertebral skeletal muscle mass (SMM) on both sides of 

the spine, considering: erector spinae muscle; longissimus thoracis muscle; spinalis thoracis muscle, 

iliocostalis lumborum muscle (7,24). To remove the effect of arm-related noise due to potential position of 

upper arms along the patient’s flanks, we normalized SMM density values by measuring aortic blood density 

at T5 and T12 levels.  

Since direct measurement of height and weight was not available in all patients, we used vertebral size as a 

proxy of BMI for SMM area indexing (25). Measuring the anteroposterior diameter of T12 in an axial slice 

located in the middle of the vertebra, we estimated patients’ height and obtained dorsal muscle indexes 

(DMIT5 and DMIT12) by dividing SMM at T5 level (SMMT5) and at T12 level by the anteroposterior T12 

vertebral size.  

All skeletal muscle measurements and indexes were dichotomized as being over or under the median value 

of each variable distribution: patients with values over the median were considered to have a normal muscle 

status, whereas those with values under the median were considered as patients with lower muscle mass. 

Statistical Analysis 

Categorical variables were reported as numbers and percentages, continuous variables as mean and standard 

deviation or as median and interquartile range according to their distribution, assessed with the Shapiro-Wilk 

test. 

To find potential associations between variables in predicting ICU admission and death during 

hospitalization, we first used univariate binary logistic regression to calculate unadjusted odds ratios (ORs) 

with their 95% confidence intervals (95% CIs) for each variable. We then aimed to compare outcome 

discrimination performance of four different models, all including sex, age and BMI, but each focusing on a 

different group of variables. Model 1 considered only clinical variables, Model 2 only muscle status, Model 

3 muscle status and chest CT features, Model 4 clinical variables, muscle status, and chest CT features. A 

confirmatory model solely focused on chest CT features was also built to enable the comparison of the 

relative contributions of chest CT features and muscle status in outcome discrimination performance (Table 

E7–E8, Figures E1–E2). Variable selection for model building was performed with multivariable linear 

regression (backward elimination), after data imputation for missing values (mean replacement for 
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continuous variables, nearest neighbor imputation for categorical variables, after random missingness 

hypothesis verification). Selected variables entered multivariable binary logistic regression, with calculation 

of adjusted ORs and their 95% CIs. Performance of the obtained models in predicting outcomes was assessed 

using receiver operating characteristic (ROC) curve analysis and area under the ROC curve (AUC) 

evaluation, AUCs being compared with the DeLong method (26).  

Analyses were performed using SPSS v.26.0 (IBM SPSS Inc., Chicago, IL, USA), P values < .05 being 

considered statistically significant. 

Results 

Out of 564 patients with chest CT performed within 24 hours from admission at the four centers, 12 (2%) 

were excluded because their CT exams had inadequate image quality, while no patients were excluded for 

known diseases which chronically impair muscular status (Fig 1). As detailed in Table 1, a total 552 patients 

from the four centers were therefore included in this study, namely 270/552 (49%) from Center 1, 197/552 

(36%) from Center 2, 54/552 (10%) from Center 3, and 31/552 (5%) from Center 4. Out of these 552 

patients, 364/552 (66%) were men and 188/552 (34%) women, with an overall median age of 65 years 

(interquartile range 54–75). Patients were admitted to one of the four hospitals from February 21, 2020, to 

April 30, 2020, i.e. during the first SARS-CoV-2 pandemic peak in Northern Italy. Median hospitalization 

length was 7 days (interquartile range 5–13), and 92/552 patients (17%) were admitted to ICU during their 

hospital stay. For outcome assessment, censoring was applied on June 1, 2020, when all 552 patients had 

either been discharged (445/552 patients, 81%) or had died during hospitalization (107/552 patients, 19%). 

On emergency department admission, fever was the most common symptom, affecting 437/552 patients 

(79%), followed by cough (318/552 patients, 58%) and dyspnea (244/552 patients, 44%). At least one 

comorbidity was found in 333/552 patients (60%), cardiovascular diseases being the most frequent (271/552 

patients, 49%), followed by diabetes (98/552 patients, 18%). Overall median estimated height was 1.70 m 

(interquartile range 1.61–1.76 m). Weight was available for 138/552 patients (median 80 kg, interquartile 

range 70–90 kg), while a direct recording or calculation of BMI was available for 201/552 patients (median 

26 kg/m2 interquartile range 24–30, normal BMI values for our population 18.5–25). Laboratory tests were 

available in all patients, with a median white blood cell count of 6.0×103 per μl (interquartile range 4.5–

8.2×103 per μl, reference range 4–11×103 per μl), a median lymphocyte count of 1.1×103 per μl (interquartile 
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range 0.8–1.4×103 per μl, reference range 1–5×103 per μl), and a median platelet count of 185×103 per μl 

(interquartile range 147–236×103 per μl, reference range 150–450×103 per μl). 

CT Findings 

At chest CT performed on emergency department admission, parenchymal involvement had progressed only 

to GGOs without consolidations in 172/552 patients (31%), to GGOs with consolidations in 315/552 (57%), 

to consolidations without GGOs in 13/552 patients (2%). Minimal extension of parenchymal involvement 

was found in 133/552 (24%) patients, mild in 146/552 (26%), moderate in 158/552 (29%) and severe in 

104/552 (19%). Other lung parenchymal, chest, and skeletal muscle features are detailed in Table 1. Two 

examples of patients where very low paravertebral SMMT5 and SMMT12 values contributed to the prediction 

of ICU admission and death are depicted in Figure 2 and Figure 3, respectively. 

Regression Analyses 

For each variable, unadjusted ORs for ICU admission and death from univariate binary logistic regression 

are presented in the first columns of Table 2 and Table 3, respectively. Details of model building through 

multivariable linear regression are shown in Tables E3–E6: variables selected by backward elimination 

entered multivariable binary logistic regression, with calculation of adjusted ORs for the four predictive 

models for ICU admission (Table 2) and the four predictive models for death (Table 3). Among muscle 

status parameters, multivariable linear regression selected paravertebral SMMT5 and SMMT12 as predictors of 

ICU admission and death in all models involving muscle status (Model 2, Model 3, and Model 4). At 

multivariable logistic regression on Model 3 (muscle status and chest CT features), paravertebral SMMT5 had 

the highest statistically significant OR both for ICU admission (OR 4.8; 95% CI 2.7–8.5; P < .001) and death 

(OR 2.3; 95% CI 1.0–2.9; P = .027), such findings being mirrored in Model 4 (clinical variables, muscle 

status, and chest CT features) where paravertebral SMMT5 also had the highest statistically significant OR 

both for ICU admission (OR 4.3; 95% CI 2.5–7.7; P < .001) and death (OR 2.3; 95% CI 1.3–3.7; P = .001). 

Among models considering only a category of features, ROC analysis for the prediction of ICU admission 

(Fig 4) found an AUC of 0.74 (95% CI 0.68–0.79; P < .001) for Model 1, an AUC of 0.70 (95% CI 0.64–

0.76; P < .001) for Model 2, while for combined models we obtained an AUC of 0.83 for Model 3 (95% CI 

0.78–0.87; P < .001) and an AUC of 0.83 for Model 4 (95% CI 0.79–0.88; P < .001). AUC comparison 

showed no significant differences between AUCs of Model 1 and Model 2 (P = .217), whose performances 
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were however significantly inferior to those of Model 3 and Model 4 (P < .001). No significant difference 

was found between the AUCs of Model 3 and Model 4 (P = .380). 

ROC analysis for the prediction of death (Fig 5) among models considering only a category of features found 

an AUC of 0.80 (95% CI 0.75–0.84; P < .001) for Model 1, an AUC of 0.79 (95% CI 0.75–0.83; P < .001) 

for Model 2, while for combined models we obtained an AUC of 0.86 for Model 3 (95% CI 0.83–0.90; P < 

.001) and an AUC of 0.87 for Model 4 (95% CI 0.84–0.91; P < .001). AUC comparison showed no 

significant differences between Model 1 and Model 2 AUCs (P = .599), whose performances were however 

significantly inferior to those of Model 3 and Model 4 (P < .001), between which no significant difference 

was detected (P = .282). 

Discussion 

In this retrospective multicenter study on the prognostic role of lower muscle mass in COVID-19 patients, 

we evaluated 552 patients from four institutions in Northern Italy that admitted and treated patients during 

the first SARS-CoV-2 pandemic peak between February 21 and April 30, 2020. Our main finding was the 

association between lower-than-median paravertebral muscle mass measured on chest CT performed on 

admission and adverse outcome of COVID-19 patients during the first pandemic peak. In multivariable 

logistic regression models considering clinical variables, chest CT features, and muscle status, lower-than-

median paravertebral muscle area at T5 level yielded the highest odds ratio for intensive care unit admission 

(4.34; P < .001) and death (2.28; P = .001). A model combining CT-derived muscle status and lung disease 

extent allowed to predict death (area under the curve 0.86), without any increase from the addition of clinical 

data. 

In COVID-19 patients, advanced age and various pre-existing comorbidities have been associated with 

higher risk of death (1,2,21,27,28). While the same has been documented for pulmonary parenchymal 

damage and associated pathologic features assessed on chest CT (19,22,29), few articles have investigated 

whether sarcopenia and lower muscle mass are negative predictors for severe COVID-19 (12–14). 

Nevertheless, impaired muscle status has long been associated with higher mortality risk in critical care: 

sarcopenia and lower muscle mass – detected by CT – are primary predictors of worse outcome in 

mechanically ventilated patients (30–32).  
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Our study confirmed the negative prognostic role played in COVID-19 patients by age, comorbidities, and 

some of the chest CT features already recognized as adverse outcome predictors (27). Furthermore, we 

extended such prognostic evaluation to impaired muscle status, that proved to be the strongest CT-derived 

independent predictor of both ICU admission and death. Lower muscle mass probably impacts on respiratory 

muscles function, alongside other mechanisms involving global sarcopenia (12–14), such as the sarcopenia-

induced pro-inflammatory profile (28), interplaying with the cytokine storm triggered by SARS-CoV-2 

(33,34), prolonged immobilization during hospitalization, and mechanical ventilation (12–14).  

If a strong association between lower muscle mass and worse outcome of COVID-19 patients will be 

confirmed by further studies, the role of chest CT could expand from triage and monitoring applications to 

prognosis prediction. Since chest CT is effectively used to detect and stage COVID-19 pneumonia (15,18–

20), CT exams can also be used to identify patients with lower muscle mass at higher risk of worse outcome, 

achieving a simultaneous diagnostic and prognostic assessment. Our study showed how the prognostic 

performance of a model relying only on chest CT-derived features (lung parenchyma and muscle status) 

equals the one of models including also clinical variables, which, of note, are relatively more difficult and 

time-consuming to retrieve. The application of artificial intelligence to both lung and muscle status 

assessment on chest CT images could further curtail the time needed to obtain such prognostic information, 

this approach being already proposed for muscle status assessment on abdominal CT scans (35).  

Some limitations of our study should be considered, other than its retrospective nature. First, these results 

were obtained during a pandemic peak, with high disease prevalence and severity. Therefore, the prognostic 

role of sarcopenia in COVID-19 patients must be verified in different study periods with lower disease 

prevalence and/or severity, also considering that effective therapies have been introduced. Second, from a 

technical point of view, arm-related noise due to the position of upper arms along patient’s flanks could have 

affected the attenuation values of paravertebral muscles. This could partly justify the absent association of 

low muscle density with worse outcome, although we tried to remove this effect by normalizing 

paravertebral muscles attenuation values with those of aortic content. Since a correlation between skeletal 

muscle density and mortality in mechanically ventilated patients has been previously reported (31), this point 

deserves further investigation. Third, height of all patients was not available, thus we had to estimate the 

height of part of our patients by the anteroposterior diameter of T12, as previously validated (25). Fourth, our 
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study retrieved data from multiple centers with different CT acquisition parameters and potentially different 

ICU admission criteria for COVID-19 patients. Similarly, image analysis was performed by different readers 

with different experience, although on standardized criteria. Fifth, pulmonary vascular damage has been 

progressively recognized as a major influence on COVID-19 prognosis (20). Its inclusion could have further 

refined the performance of our predictive model, but all our patients were admitted and treated in the first 

pandemic peak in the first-hit European region, when evidence on this issue was still scarce and routine 

evaluation of coagulation parameters was far from being implemented. 

In conclusion, a chest CT-based combined model integrating muscle status allowed to reliably predict ICU 

admission and death in COVID-19 patients without relevant contribution from clinical variables, 

highlighting the need to consider previously overlooked frailty indicators in COVID-19 diagnostic and 

therapeutic pathways.  
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Tables 

Table 1: Demographic, Comorbidities, and Imaging Characteristics 

Demographics 

Sex 364 M / 188 F 

Median age (interquartile range) 65 years (53–73) 

Comorbidities at Emergency Department Admission 

Cardiovascular diseases 271 (49%) 

Diabetes 98 (18%) 

Chronic obstructive pulmonary disease 46 (8%) 

Previous neurological disease 22 (4%) 

Oncological history 48 (9%) 

Chronic kidney disease 32 (6%) 

CT Findings and Metrics 

Lung and Thorax 

Median progression of parenchymal involvement* 
(interquartile range) 

3 
(2–3) 

Median extension of parenchymal involvement** 
(interquartile range) 

2 
(2–3) 

Bilateral parenchymal involvement 467 (85%) 

Crazy paving pattern 200 (37%) 

Pleural effusion 39 (7%) 

Mediastinal lymphadenopathy 87 (16%) 

Skeletal Muscles 

Median SMMT5 (interquartile range) 1940 mm2 
(1208–3189) 

Median HUT5 (interquartile range) 23 HU 
(12–32) 

Median DMIT5 (interquartile range) 6.6 cm2/m2 
(4.3–11.2) 

Median SMMT12 (interquartile range) 3100 mm2 
(2499–3796) 

Median HUT12 (interquartile range) 37 HU 
(24–47) 

Median DMIT12 (interquartile range) 10.8 cm2/m2 
(8.9–12.8) 

Hospital Stay and Outcomes 

Median hospitalization length (interquartile range)  7 days 
(5–13) 

Patients admitted to intensive care unit 92 (17%) 

Deceased patients 107 (19%) 

M, men; F, women. SMMT5, paravertebral muscle area at T5 level; HUT5, paravertebral muscle density at T5 level; 
DMIT5, dorsal muscle index at T5 level; SMMT12, paravertebral muscle area at T12 level; HUT12, paravertebral muscle 
density at T12 level; DMIT12, dorsal muscle index at T12; HU, Hounsfield units. 
*1, absence both of ground-glass opacities and of consolidations; 2, presence of ground-glass opacities only; 3, 
combination of ground-glass opacities and consolidations; 4, presence of consolidations only. 
** Semiquantitative from 0 to 4, according to Bernheim et al. (17), as follows: 0, 0% extension; 1, 1–25% extension; 
2, 26–50% extension; 3, 51–75% extension; 4, over 75% extension.  
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Table 2: Prediction Models for Risk of Intensive Care Unit Admission (n = 92) for Hospitalized COVID-19 
Patients 

  

 Model 1* 
(Clinical Variables) 

Model 2* 
(Muscle Status) 

Model 3* 
(Muscle Status and 
Chest CT Features) 

Model 4* 
(Clinical Variables, 

Muscle Status, 
Chest CT Features) 

Variable 
Unadjusted 
Odds Ratio 

(95% CI) 

P 
Value 

Adjusted 
Odds Ratio 

(95% CI) 

P 
Value 

Adjusted 
Odds Ratio 

(95% CI) 

P 
Value 

Adjusted 
Odds Ratio 

(95% CI) 

P 
Value 

Adjusted 
Odds Ratio 

(95% CI) 

P 
Value 

Male sex 2.6 
(1.5–4.6) .001 2.6 

(1.4–4.6) .001 2.5 
(1.3–4.5) .001 1.9 

(1.1–3.6) .019 2.0 
(1.1–3.7) .017 

Age 0.99 
(0.98–1.00) .159 - - - - - - - - 

Lung involvement 
progression 

1.1 
(0.7–1.6) .768 - - - - - - - - 

Crazy paving 1.7 
(1.1–2.8) .022 - - - - - - - - 

Bilateral lung 
involvement 

31 
(1–744) .035 - - - - 40 

(1–3119) .096 60 
(0–8931) .110 

Lung involvement 
extent 

1.5 
(1.2–1.9) < .001 - - - - 1.7 

(1.3–2.8) < .001 1.9 
(1.5–2.5) < .001 

Pleural effusion 2.1 
(1.0–4.6) .052 - - - - - - - - 

Mediastinal 
lymphadenopathy 

1.3 
(0.7–2.4) .402 - - - - - - - - 

SMMT5 
3.4 

(2.1–5.6) < .001 - - 3.3 
(2.0–5.5) < .001 4.8 

(2.7–8.5) < .001 4.3 
(2.5–7.7) < .001 

DMIT5 
3.0 

(1.8–4.9) < .001 - - - - - - - - 

HUT5 
1.0 

(0.6–1.6) 1 - - - - - - - - 

SMMT12 
1.3 

(0.8–2.0) .287 - - 1.9 
(1.5–2.4) .043 1.5 

(1.0–1.8) .076 2.0 
(0.8–3.2) .066 

DMIT12 
0.7 

(0.4–1.1) .088 - - - - - - - - 

HUT12 
1.2 

(0.7–1.8) .493 - - - - - - - - 

Cardiovascular 
diseases 

1.2 
(0.7–1.9) .472 - - - - - - - - 

Diabetes 1.7 
(1.0–2.9) .049 1.9 

(1.1–3.4) .034 - - - - - - 

COPD 1.5 
(0.6–3.7) .363 - - - - - - - - 

Neurological 
history 

1.1 
(0.3–4.1) .829 - - - - - - - - 

Oncological history 1.2 
(0.5–2.5) .686 1.0 

(1.00–1.6) .023 - - - - 1.4 
(1.0–1.6) .019 

CKD 1.4 
(0.6–3.4) .418 2.0 

(1.0–3.1) .060 - - - - 1.7 
(1.0–2.0) .046 

BMI 1.1 
(1.0–1.2) .012 1.11 

(1.03–1.20) .007 - - - - - - 

WBC 1.14 
(1.07–1.21) < .001 1.1 

(1.0–1.2) .003 - - - - - - 

Lymphocyte count 1.0 
(0.9–1.3) .747 - - - - - - - - 

Platelets 1.00 
(0.99–1.00) .870 - - - - - - - - 

CI, confidence interval; SMMT5, paravertebral muscle area at T5 level; DMIT5, dorsal muscle index at T5 level; HUT5, 
paravertebral muscle density at T5 level; SMMT12, paravertebral muscle area at T12 level; DMIT12, dorsal muscle 
index at T12; HUT12, paravertebral muscle density at T12 level; COPD, chronic obstructive pulmonary disease; CKD, 
chronic kidney disease; BMI, body mass index; WBC, white blood cell count. 
* Variables selected through multivariable linear regression with backward elimination (see Tables E3–E6) 
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Table 3: Prediction Models for Risk of Death (n = 107) for Hospitalized COVID-19 Patients 

   

Model 1* 
(Clinical Variables) 

Model 2* 
(Muscle Status) 

Model 3* 
(Muscle Status and 
Chest CT Features) 

Model 4* 
(Clinical Variables, 

Muscle Status, 
Chest CT Features) 

Variable 
Unadjusted 
Odds Ratio 

(95% CI) 
P 

Value 
Adjusted 

Odds Ratio 
(95% CI) 

P 
Value 

Adjusted 
Odds Ratio 

(95% CI) 

P 
Value 

Adjusted 
Odds Ratio 

(95% CI) 
P 

Value 
Adjusted 

Odds Ratio 
(95% CI) 

P 
Value 

Male sex 1.9 
(1.2–3.1) .010 2.7 

(1.5–4.7) < .001 1.4 
(1.0–2.1) .014 1.9 

(1.1–3.2) .019 2.0 
(1.2–3.5) .009 

Age 1.08 
(1.06–1.10) < .001 1.07 

(1.05–1.10) < .001 - - - - - - 

Lung involvement 
progression 

0.9 
(0.6–1.3) .633 - - - - - - - - 

Crazy paving 1.7 
(1.1–2.7) .016 - - - - 1.4 

(0.9–2.3) .107 1.5 
(0.9–2.4) .111 

Bilateral lung 
involvement 

2.4 
(0.9–6.6) .076 - - - - - - - - 

Lung involvement 
extent 

1.4 
(1.2–1.8) .001 - - - - 1.4 

(1.1–1.8) .002 1.4 
(1.1–1.7) .008 

Pleural effusion 3.0 
(1.5–6.1) .002 - - - - - - - - 

Mediastinal 
lymphadenopathy 

1.9 
(1.1–3.3) .028 - - - - - - - - 

SMMT5 
1.3 

(0.8–2.0) .254 - - 2.2 
(1.3–3.7) .003 2.3 

(1.0–2.9) .027 2.3 
(1.3–3.7) .031 

DMIT5 
1.2 

(0.8–1.8) .477 - - - - - - - - 

HUT5 
0.7 

(0.5–1.1) .162 - - - - - - - - 

SMMT12 
1.4 

(0.9–2.1) .158 - - 1.6 
(0.9–2.0) .034 1.4 

(0.9–2.0) .041 1.7 
(0.9–2.2) .048 

DMIT12 
0.8 

(0.5–1.2) .274 - - - - - - - - 

HUT12 
0.5 

(0.3–0.8) .002 - - - - - - - - 

Cardiovascular 
diseases 

3.2 
(2.0–5.1) < .001 1.4 

(0.9–2.5) .142 - - - - 2.1 
(1.2–4.8) < .001 

Diabetes 2.0 
(1.2–3.3) .005 2.0 

(1.0–2.5) .205 - - - - - - 

COPD 2.1 
(1.1–4.1) .023 2.0 

(0.9–4.1) .021 - - - - 2.2 
(1.2–5.1) .009 

Neurological 
history 

2.1 
(0.8–5.4) .126 - - - - - - - - 

Oncological history 1.9 
(1.0–3.7) .049 - - - - - - - - 

CKD 1.4 
(0.6–3.2) .410 2.1 

(0.9–5.0) .080 - - - - 1.6 
(1.1–5.8) .023 

BMI 0.94 
(0.87–1.02) .130 - - - - - - - - 

WBC 1.08 
(1.02–1.15) .011 1.1 

(1.0–1.2) .005 - - - - - - 

Lymphocyte count 1.0 
(0.8–1.2) .760 - - - - - - - - 

Platelets 1.00 
(0.99–1.00) .089 - - - - - - - - 

CI, confidence interval; SMMT5, paravertebral muscle area at T5 level; DMIT5, dorsal muscle index at T5 level; HUT5, 
paravertebral muscle density at T5 level; SMMT12, paravertebral muscle area at T12 level; DMIT12, dorsal muscle 
index at T12; HUT12, paravertebral muscle density at T12 level; COPD, chronic obstructive pulmonary disease; CKD, 
chronic kidney disease; BMI, body mass index; WBC, white blood cell count. 
* Variables selected through multivariable linear regression with backward elimination (see Tables E3–E6) 
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Figures  

 

Figure 1: Flow diagram of patients’ enrollment. 
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Figure 2: Example of severely impaired muscle status with subsequent intensive care unit admission. 

Skeletal muscle area segmentation on chest CT images at T5 level (panel a) and T12 level (panel b) of a 79 

years old female COVID-19 patient. This patient presented with fever, cough, mild bilateral lung 

parenchymal involvement (category 2 according to Bernheim et al. (17)), coexistence of ground-glass 

opacities and consolidations, no evidence of crazy paving, pleural effusion, or mediastinal lymphadenopathy. 

She had no comorbidities and no abnormalities in all considered laboratory tests (white blood cell count, 

lymphocyte count, platelet count). Muscle status parameters were however all impaired save for dorsal 

muscle index at T12 level: T5 paravertebral muscle area (890 mm2), T5 paravertebral muscle density (8 

Hounsfield units), T5 dorsal muscle index (6.6 cm2/m2), T12 paravertebral muscle area (2440 mm2), and T12 

paravertebral muscle density (5 Hounsfield units) were all in the lowest quartile of their overall distributions. 
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Figure 3: Example of severely impaired muscle status with subsequent intensive care unit admission and 

death. Skeletal muscle area segmentation on chest CT images at T5 level (panel a) and T12 level (panel b) of 

a 62 years old female COVID-19 patient. This patient presented with fever, dyspnea, mild bilateral lung 

parenchymal involvement (category 2 according to Bernheim et al. (17)), consolidations without ground-

glass opacities, no evidence of crazy paving, pleural effusion, or mediastinal lymphadenopathy. She had 

previous cardiovascular comorbidities, diabetes, and class I obesity. All considered laboratory tests (white 

blood cell count, lymphocyte count, platelet count) were within normal ranges. Muscle status parameters 

were however all impaired: T5 paravertebral muscle area (750 mm2), T5 paravertebral muscle density (10 

Hounsfield units), T5 dorsal muscle index (2.9 cm2/m2), T12 paravertebral muscle area (2300 mm2), T12 

paravertebral muscle density (5 Hounsfield units), and T12 dorsal muscle index (6.7 cm2/m2) were all in the 

lowest quartile of their overall distributions, with marked fatty degeneration both at T5 and T12 levels. 
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Figure 4: Receiver operating characteristic curve analysis for the prediction of intensive care unit admission. 

After performing area under the curve comparison with the DeLong method, discrimination performances of 

Model 1 (clinical variables, area under the curve 0.74, 95% confidence interval 0.68–0.79, P < .001) did not 

significantly differ from those of Model 2 (muscle status, area under the curve 0.70, 95% confidence interval 

0.64–0.76, P < .001; area under the curve comparison for Model 1 against Model 2: P = .217), nor did the 

ones of Model 3 (muscle status and chest CT features, area under the curve 0.83, 95% confidence interval 

0.78–0.87, P < .001) and of Model 4 (clinical variables, muscle status, and chest CT features, area under the 

curve 0.83, 95% confidence interval 0.79–0.88, P < .001; area under the curve comparison against Model 3: 

P = .380). However, as depicted, both Model 1 and Model 2 discrimination performances were significantly 

inferior to those of Model 3 and Model 4 (all area under the curve comparisons: P < .001).  
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Figure 5: Receiver operating characteristic curve analysis for the prediction of death during hospitalization. 

After performing area under the curve comparison with the DeLong method, discrimination performances of 

Model 1 (clinical variables, area under the curve 0.80, 95% confidence interval 0.75–0.84, P < .001) did not 

significantly differ from those of Model 2 (muscle status, area under the curve 0.79, 95% confidence interval 

0.75–0.83, P < .001; area under the curve comparison for Model 1 against Model 2: P = .599), nor did the 

ones of Model 3 (muscle status and chest CT features, area under the curve 0.86, 95% confidence interval 

0.83–0.90, P < .001) and of Model 4 (clinical variables, muscle status, and chest CT features, area under the 

curve 0.87, 95% confidence interval 0.84–0.91, P < .001; area under the curve comparison against Model 3: 

P = .282). However, as depicted, both Model 1 and Model 2 discrimination performances were significantly 

inferior to those of Model 3 and Model 4 (all area under the curve comparisons: P < .001). 
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Appendix E1 

Table E1: Collected Demographic, Clinical, and Imaging Variables 

Demographics 

Sex 
Age 

Variables at Emergency Department Admission 

Clinical Variables 

Height 
Weight 
Body mass index 
Symptoms 
White blood cell count 
Lymphocyte count 
Platelet count 

Comorbidities 

Cardiovascular diseases 
Diabetes  
Chronic obstructive pulmonary disease 
Previous neurological disease 
Oncological history 
Chronic kidney disease 

Hospital Stay and Outcomes 

Hospitalization length 
Admission to intensive care unit 
Outcome (death or discharge) 

CT Findings and Metrics 

Lung and Thorax 

Progression of pulmonary parenchymal involvement 
Extension of pulmonary parenchymal involvement 
Bilateral pulmonary parenchymal involvement 
Crazy paving pattern 
Pleural effusion 
Mediastinal lymphadenopathy 

Skeletal Muscles 

Paravertebral muscle area at T5 level (SMMT5) 
Paravertebral muscle density at T5 level (HUT5) 
Dorsal muscle index at T5 level (DMIT5) 
Paravertebral muscle area at T12 level (SMMT12) 
Paravertebral muscle density at T12 level (HUT12) 
Dorsal muscle index at T12 level (DMIT12) 

T5, fifth thoracic vertebra; T12, twelfth thoracic vertebra.  

 



In 
pre

ss
 

 

Table E2: Center-specific Technical Characteristics of CT Scanners and Acquisition Parameters  

Center Location Vendor Model Slices 
Slice 

Thickness 
(mm) 

kVp 

Azienda Ospedaliero-
Universitaria 

Maggiore della Carità 
Novara Philips Healthcare Ingenuity Core 128 1 120 

ASST Grande 
Ospedale 

Metropolitano 
Niguarda 

Milano Siemens Healthineers Somatom 
Definition Edge 128 1.5 120 

Fondazione 
Poliambulanza Istituto 

Ospedaliero 
Brescia General Electric 

Healthcare 
LightSpeed RT 

16 16 1.5 120 

IRCCS Istituto 
Ortopedico Galeazzi Milano Siemens Healthineers 

Somatom 
Definition AS 

64 
64 1.5 120 
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Table E3: Multivariable Linear Regression to Build Model 1 (Clinical Variables) – Backward Elimination 

(Criterion: Probability of F-to-remove ≥ .100) 

Model 1 – Clinical 
Variables Prediction of Admission to Intensive Care Unit Prediction of Death During Hospitalization 

Entered Variables Selected / 
Removed 

Standard. 
β t P Value Selected / 

Removed 
Standard. 

β t P Value 

Male sex Selected 
predictor 0.129 3.148 .002 Selected 

predictor 0.133 3.369 .001 

Age Removed step 
5 -0.035 -0.830 .407 Selected 

predictor 0.311 7.769 < .001 

BMI Selected 
predictor 0.106 2.572 .010 Removed step 

4 -0.034 -0.871 .384 

Cardiovascular disease Removed step 
6 0.049 1.143 .253 Selected 

predictor 0.101 2.564 .011 

Diabetes Selected 
predictor 0.101 2.405 .016 Selected 

predictor 0.109 2.660 .008 

COPD Removed step 
1 -0.006 -0.156 .876 Selected 

predictor 0.097 2.444 .015 

Neurological history Removed step 
2 0.013 0.308 .758 Removed step 

1 0.005 0.132 .895 

Oncological history Selected 
predictor 0.128 3.142 .002 Removed step 

2 0.031 0.790 .430 

CKD Selected 
predictor 0.091 2.192 .029 Selected 

predictor 0.126 3.160 .002 

WBC Selected 
predictor 0.178 4.342 < .001 Selected 

predictor 0.104 2.662 .008 

Lymphocyte count Removed step 
3 -0.038 -0.845 .399 Removed step 

3 -0.045 -1.044 .297 

Platelets Removed step 
4 -0.039 -0.945 .345 Removed step 

5 0.043 1.052 .293 

Selected predictors Male sex, BMI, Diabetes, Oncological history, CKD, 
WBC 

Male sex, Age, Cardiovascular disease, Diabetes, COPD, 
CKD, WBC  

Durbin–Watson statistic 1.840 1.896 

BMI, body mass index. 
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Table E4: Multivariable Linear Regression to Build Model 2 (CT-derived Muscle Status) – Backward 

Elimination (Criterion: Probability of F-to-remove ≥ .100) 

Model 2 – Muscle Status Prediction of Admission to Intensive Care Unit Prediction of Death During Hospitalization 

Entered Variables Selected / 
Removed 

Standard. 
β t P Value Selected / 

Removed 
Standard. 

β t P Value 

Male sex Selected 
predictor 0.167 3.772 < .001 Selected 

predictor 0.110 2.758 .006 

Age Removed 
step 4 -0.030 -0.709 .761 Removed 

step 5 0.065 1.454 .147 

BMI Removed 
step 6 0.295 -0.045 .696 Removed 

step 3 -0.035 -0.891 .373 

SMMT5 Selected 
predictor 0.210 4.861 < .001 Selected 

predictor 0.364 9.024 < .001 

DMIT5 Removed 
step 1 0.015 0.127 .899 Removed 

step 2 0.074 0.652 .515 

HUT5 Removed 
step 2 0.006 0.129 .897 Removed 

step 6 -0.063 -1.484 .138 

SMMT12 Selected 
predictor 0.191 2.594 .010 Selected 

predictor 0.102 2.513 .012 

DMIT12 Removed 
step 5 0.150 -0.062 .478 Removed 

step 1 0.038 0.897 .370 

HUT12 Removed 
step 3 0.016 0.390 .814 Removed 

step 4 0.038 0.897 .370 

Selected predictors Male sex, SMMT5, SMMT12 Male sex, SMMT5, SMMT12 

Durbin–Watson statistic 1.793 1.844 

BMI, body mass index; SMMT5, paravertebral muscle area at T5 level; DMIT5, dorsal muscle index at T5 level; HUT5, paravertebral muscle 
density at T5 level; SMMT12, paravertebral muscle area at T12 level; DMIT12, dorsal muscle index at T12; HUT12, paravertebral muscle 
density at T12 level.  
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Table E5: Multivariable Linear Regression to Build Model 3 (CT-derived Muscle Status and Chest CT 

Features) – Backward Elimination (Criterion: Probability of F-to-remove ≥ .100) 

Model 3 – Muscle Status 
and Chest CT Features Prediction of Admission to Intensive Care Unit Prediction of Death During Hospitalization 

Entered Variables Selected / 
Removed 

Standard. 
β t P Value Selected / 

Removed 
Standard. 

β t P Value 

Male sex Selected 
predictor 0.091 2.218 .027 Selected 

predictor 0.076 1.878 .061 

Age Removed 
step 7 -0.036 -0.854 .394 Removed 

step 8 0.045 1.012 .312 

BMI Removed 
step 10 0.070 1.553 .121 Removed 

step 6 -0.036 -0.910 .363 

Lung involvement 
progression 

Removed 
step 3 -0.010 -0.221 .826 Removed 

step 9 -0.058 -1.290 .198 

Crazy paving Removed 
step 6 0.023 0.566 .572 Selected 

predictor 0.071 1.791 .074 

Bilateral lung involvement Selected 
predictor 0.252 5.925 < .001 Removed 

step 4 0.029 0.704 .482 

Lung involvement extent Selected 
predictor 0.085 2.108 .035 Selected 

predictor 0.161 3.904 < .001 

Pleural effusion Removed 
step 8 0.062 1.464 .144 Removed 

step 10 0.060 1.488 .137 

Mediastinal 
lymphadenopathy 

Removed 
step 1 0 0.000 1.000 Removed 

step 5 0.036 0.913 .362 

SMMT5 Selected 
predictor 0.114 2.842 .005 Selected 

predictor 0.148 3.518 < .001 

DMIT5 Removed 
step 4 -0.081 -0.702 .483 Removed 

step 3 0.026 0.232 .817 

HUT5 Removed 
step 2 -0.012 -0.296 .768 Removed 

step 7 0.043 0.970 .332 

SMMT12 Selected 
predictor 0.215 5.063 < .001 Selected 

predictor 0.079 1.858 .064 

DMIT12 Removed 
step 9 0.011 0.252 .801 Removed 

step 2 0.023 0.549 .583 

HUT12 Removed 
step 5 -0.007 -0.170 .865 Removed 

step 1 0.017 0.335 .738 

Selected predictors Male sex, Bilateral lung involvement, Lung involvement 
extent, SMMT5, SMMT12 

Male sex, Lung involvement extent, Crazy paving, 
SMMT5, SMMT12 

Durbin–Watson statistic 1.810 1.855 

BMI, body mass index; SMMT5, paravertebral muscle area at T5 level; DMIT5, dorsal muscle index at T5 level; HUT5, paravertebral muscle 
density at T5 level; SMMT12, paravertebral muscle area at T12 level; DMIT12, dorsal muscle index at T12; HUT12, paravertebral muscle 
density at T12 level.  
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Table E6: Multivariable Linear Regression to Build Model 4 (Clinical Variables, CT-derived Muscle Status, 

Chest CT Features) – Backward Elimination (Criterion: Probability of F-to-remove ≥ .100) 

Model 4 – Clinical 
Variables, Muscle 
Status, Chest CT 

Features 
Prediction of Admission to Intensive Care Unit Prediction of Death During Hospitalization 

Entered Variables Selected / 
Removed 

Standard. 
β t P Value Selected / 

Removed 
Standard. 

β t P Value 

Male sex Selected 
predictor 0.067 1.657 .098 Selected 

predictor 0.083 2.069 .039 

Age Removed 
step 11 -0.032 -0.767 .444 Removed 

step 15 -0.062 -1.398 .163 

BMI Removed 
step 17 0.065 1.571 .117 Removed 

step 10 -0.032 -0.813 .416 

Lung involvement 
progression 

Removed 
step 2 0.004 0.087 .931 Removed 

step 13 0.062 1.406 .160 

Crazy paving Removed 
step 8 0.027 0.678 .498 Selected 

predictor 0.068 1.708 .088 

Bilateral lung involvement Selected 
predictor 0.237 5.703 < .001 Removed 

step 8 0.020 0.478 .633 

Lung involvement extent Selected 
predictor 0.210 4.959 < .001 Selected 

predictor 0.126 2.968 .003 

Pleural effusion Removed 
step 13 0.070 1.567 .118 Removed 

step 14 -0.064 -1.454 .147 

Mediastinal 
lymphadenopathy 

Removed 
step 3 0.013 0.319 .750 Removed 

step 4 0.025 0.638 .524 

SMMT5 Selected 
predictor 0.107 2.700 .007 Selected 

predictor 0.122 2.886 .004 

DMIT5 Removed 
step 1 -0.018 -0.159 .874 Removed 

step 3 0.011 0.100 .920 

HUT5 Removed 
step 6 0.005 0.124 .901 Removed 

step 5 0.038 0.859 .391 

SMMT12 Selected 
predictor 0.237 5.703 < .001 Selected 

predictor 0.071 1.688 .092 

DMIT12 Removed 
step 9 0.023 0.545 .586 Removed 

step 2 0.021 0.496 .620 

HUT12 Removed 
step 4 0.001 0.033 .974 Removed 

step 1 0.020 0.419 .675 

Cardiovascular disease Removed 
step 10 0.049 1.166 .244 Selected 

predictor 0.093 2.352 .019 

Diabetes Removed 
step 16 0.047 1.132 .258 Removed 

step 9 0.040 0.995 .320 

COPD Removed 
step 7 -0.026 -0.671 .503 Selected 

predictor 0.094 2.394 .017 

Neurological history Removed 
step 12 0.017 0.401 .688 Removed 

step 7 0.033 0.807 .420 

Oncological history Selected 
predictor 0.117 2.971 .003 Removed 

step 11 0.034 0.867 .386 

CKD Selected 
predictor 0.123 3.023 .003 Selected 

predictor 0.117 2.963 .003 

WBC Removed 
step 14 -0.030 -0.702 .483 Removed 

step 12 0.065 1.461 .145 

Lymphocyte count Removed 
step 5 -0.003 -0.065 .948 Removed 

step 6 -0.016 -0.383 .702 

Platelets Removed 
step 15 0.076 1.709 .088 Removed 

step 16 0.064 1.605 .109 

Selected predictors Male sex, Bilateral lung involvement, Lung involvement 
extent, SMMT5, SMMT12, Oncological history, CKD 

Male sex, Lung involvement extent, Crazy paving, 
SMMT5, SMMT12, Cardiovascular disease, COPD, CKD 
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Durbin–Watson statistic 1.906 1.910 

BMI, body mass index; SMMT5, paravertebral muscle area at T5 level; DMIT5, dorsal muscle index at T5 level; HUT5, paravertebral muscle density at T5 level; 
SMMT12, paravertebral muscle area at T12 level; DMIT12, dorsal muscle index at T12; HUT12, paravertebral muscle density at T12 level; COPD, chronic 
obstructive pulmonary disease; CKD, chronic kidney disease; WBC, white blood cell count.   
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Table E7: Confirmatory Model Based on Chest CT Features – Multivariable Linear Regression for Model 

Building – Backward Elimination (Criterion: Probability of F-to-remove ≥ .100) 

Model Chest CT Prediction of Admission to Intensive Care Unit Prediction of Death During Hospitalization 

Entered Variables Selected / 
Removed 

Standard. 
β t P Value Selected / 

Removed 
Standard. 

β t P Value 

Male sex Selected 
predictor 0.132 3.177 0.002 Selected 

predictor 0.098 2.466 0.014 

Age Selected 
predictor -0.078 -1.865 0.063 Selected 

predictor 0.322 8.031 0.000 

BMI Removed 
step 4 -0.070 -1.513 0.131 Removed 

step 4 0.043 1.024 0.306 

Lung involvement 
progression 

Removed 
step 3 0.047 1.121 0.263 Removed 

step 3 -0.039 -0.998 0.319 

Crazy paving Removed 
step 2 0.05 1.196 0.232 Selected 

predictor 0.084 2.101 0.036 

Bilateral lung involvement Selected 
predictor 0.094 2.195 0.029 Removed 

step 2 0.039 0.952 0.342 

Lung involvement extent Selected 
predictor 0.119 2.746 0.006 Selected 

predictor 0.142 3.140 0.002 

Pleural effusion Selected 
predictor 0.113 2.689 0.007 Selected 

predictor 0.077 1.933 0.054 

Mediastinal 
lymphadenopathy 

Removed 
step 1 0.015 0.348 0.728 Removed 

step 1 0.038 0.945 0.345 

Selected predictors Male sex. Age, Bilateral lung involvement, Lung 
involvement extent, Pleural effusion 

Male sex. Age, Crazy paving, Lung involvement extent, 
Pleural effusion 

Durbin–Watson statistic 1.760 1.871 

BMI, body mass index. 
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Table E8: Confirmatory Model Based on Chest CT Features – Multivariable Binary Logistic Regression for 

Risk of Intensive Care Unit Admission and Risk of Death for Hospitalized COVID-19 Patients* 

Model Chest CT Prediction of Admission to 
Intensive Care Unit 

Prediction of Death During 
Hospitalization 

Variable Adjusted Odds Ratio 
(95% CI) P Value Adjusted Odds Ratio 

(95% CI) P Value 

Male sex 2.4 
(1.4–4.3) .002 2.3 

(0.8–3.2) .003 

Age 0.98 
(0.97–1.01) .035 1.09 

(1.06–1.11) < .001 

BMI - - - - 

Lung involvement progression - - - - 

Crazy paving - - 1.7 
(1.1–2.9) .025 

Bilateral lung involvement 21 
(1–409) .045 - - 

Lung involvement extent 1.4 
(1.1–1.7) .008 1.4 

(1.1–1.8) .004 

Pleural effusion 2.9 
(1.3–6.8) .011 1.5 

(0.9–3.3) .307 

Mediastinal lymphadenopathy - - - - 

CI, confidence interval; BMI, body mass index. 
* Variables selected through multivariable linear regression with backward elimination (see Table E7) 
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Figure E1: Receiver operating characteristic curve analysis for the prediction of intensive care unit admission for 

the confirmatory model based solely on chest CT features, compared with Model 2 (muscle status) and Model 3 

(muscle status and chest CT features).  

Model 2: area under the curve 0.70, 95% confidence interval 0.64–0.76, P < .001.  

Confirmatory chest CT features model: area under the curve 0.70, 95% confidence interval 0.64–0.76, P < .001.  

Model 3: area under the curve 0.83, 95% confidence interval 0.78–0.87, P < .001.  

Area under the curve comparison (DeLong method) showed a non-significant difference between Model 2 and the 

confirmatory chest CT model (P = .940) and significant differences when comparing Model 2 and the confirmatory 

chest CT model versus Model 3 (both comparisons with P < .001) 
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Figure E2: Receiver operating characteristic curve analysis for the prediction of death for the confirmatory model 

based solely on chest CT features, compared with Model 2 (muscle status) and Model 3 (muscle status and chest 

CT features).  

Model 2: area under the curve 0.79, 95% confidence interval 0.75–0.83, P < .001.  

Confirmatory chest CT features model: area under the curve 0.81, 95% confidence interval 0.77–0.86; P < .001.  

Model 3: area under the curve 0.86, 95% confidence interval 0.83–0.90, P < .001. 

Area under the curve comparison (DeLong method) showed a non-significant difference between Model 2 and the 

confirmatory chest CT model (P = .124) and significant differences when comparing Model 2 and the confirmatory 

chest CT model versus Model 3 (both comparisons with P < .001) 

 




