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Abstract
Infection with SARS-CoV-2 has dominated discussion and caused global healthcare and economic crisis over the past 
18 months. Coronavirus disease 19 (COVID-19) causes mild-to-moderate symptoms in most individuals. However, 
rapid deterioration to severe disease with or without acute respiratory distress syndrome (ARDS) can occur within 
1–2 weeks from the onset of symptoms in a proportion of patients. Early identification by risk stratifying such patients 
who are at risk of severe complications of COVID-19 is of great clinical importance. Computed tomography (CT) 
is widely available and offers the potential for fast triage, robust, rapid, and minimally invasive diagnosis: Ground 
glass opacities (GGO), crazy-paving pattern (GGO with superimposed septal thickening), and consolidation are the 
most common chest CT findings in COVID pneumonia. There is growing interest in the prognostic value of baseline 
chest CT since an early risk stratification of patients with COVID-19 would allow for better resource allocation and 
could help improve outcomes. Recent studies have demonstrated the utility of baseline chest CT to predict intensive 
care unit (ICU) admission in patients with COVID-19. Furthermore, developments and progress integrating artificial 
intelligence (AI) with computer-aided design (CAD) software for diagnostic imaging allow for objective, unbiased, 
and rapid assessment of CT images.
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Introduction

Infection with SARS-CoV-2 has dominated discussion 
and caused global healthcare and economic crisis over the 
past 18 months. The effects of the virus were first observed 
in Wuhan, China, in December 2019. The virus rapidly 
spread across the globe, and in March 2020, the World 
Health Organization (WHO) declared coronavirus disease 
19 (COVID-19) a pandemic. COVID-19 causes mild-to-
moderate symptoms in most, but rapid deterioration to 
severe disease with or without acute respiratory distress 
syndrome (ARDS) can occur within 1–2 weeks from the 
onset of symptoms in a proportion of patients [1]. Patients 
with severe disease often require treatment in intensive care 
units; therefore, the early identification of such patients who 
are at risk of severe complications of COVID-19 is of great 
clinical importance.

The prevalence of severe COVID-19 is reported to be 
15.7–26.1% among hospitalized patients. These cases were 
often associated with abnormal chest computed tomography 
(CT) findings and clinical laboratory data, e.g., age, comor-
bidities, and symptoms [2]. There is growing interest in the 
prognostic value of chest CT from the time of initial presen-
tation with suspected COVID-19. Expedient and early risk 
stratification of patients with COVID-19 would allow for 
better resource allocation and could help improve outcomes.

Furthermore, developments and progress integrating arti-
ficial intelligence (AI) with computer-aided design (CAD) 
software for diagnostic imaging allow for objective, unbi-
ased, and rapid assessment of CT images [3].

In this comprehensive review, we will discuss the role 
and prognostic value of the baseline chest CT in COVID-19 
patients, as well as future directions in this field.

Chest CT in the diagnosis of COVID‑19 
pneumonia

Patients with a suspected diagnosis of COVID-19 pneumo-
nia usually undergo non-contrast material-enhanced chest 
CT [4], performed with a high-resolution technique (using 
thin sections < 1.5 mm) and high-spatial-resolution ker-
nel to enhance visualization of lung parenchyma anatomy. 
Sometimes, contrast medium injection is required to rule out 
pulmonary embolism as COVID-19 thrombotic and throm-
boembolic complications may be suspected [5].

Ground glass opacities (GGO), crazy-paving pattern 
(GGO with superimposed septal thickening), and consoli-
dation are the most common chest CT findings in COVID-19 
pneumonia (Fig. 1) [6]. These findings are usually bilateral 
and multilobar, mostly distributed in the subpleural/periph-
eral and posterior regions of the lungs [7], but occasionally 

they can show a bronchovascular distribution or a combina-
tion of both.

During the course of the disease, GGOs rapidly increase 
and become consolidated and/or associated with a crazy-
paving pattern until the peak of CT lung involvement, which 
is usually observed 9–13 days after the symptoms onset. 
The severity of the findings slowly reduces in the absorp-
tion phase [8].

Pleural effusion, lung cavitation, lymphadenopathy, and 
calcification are not typically seen [9, 10].

Centrilobular nodules with the tree-in-bud pattern are not 
distinctive and likely indicate other causes of pneumonia [11].

Chest CT as a prognostic tool in COVID‑19 
patients

Prognostic value of chest CT

Resource allocation toward diagnosing and managing 
COVID-19 is still a critical issue. Understanding the prog-
nostic value of a baseline CT to assess the outcome of the 
disease in the earliest phases of onset could help lead to 
improved resource distribution.

A parameter that has proven to be fundamental for patient 
risk stratification is the timing of the scan. The sensitivity of 
the CT scan is highest when it is performed within the first 
two to three weeks from the onset of the symptoms [12, 13]. 
Li et al. demonstrated that the prognostic value of chest CT 
increased if performed at least 6 days after onset of symp-
toms. In the first 5 days (first period), there is no significant 
difference between severe and non-severe patients, while, 
starting from the second period (6–10 days), CT images con-
tain more prognostic elements: While survivors reach the 
severity peak up to 10 days, the severity of non-survivors 
CT progressively increases up to 20 days after symptoms 
onset [14].

Furthermore, there have been numerous attempts made 
to standardize reporting of chest CT for suspected COVID-
19 as a grading system of chest CT findings in COVID-19 
patients may facilitate both the communication and sig-
nificance of results as well as more efficient diagnosis of 
disease. Higher CT scores from such grading systems are 
associated with worse outcomes, including a higher mortal-
ity risk, showing the importance of imaging when managing 
patients and evaluating their prognosis [15–17].

Pulmonary prognostic findings for ICU admission

The type and the extent of initial pulmonary lesions in inten-
sive care unit (ICU) patients have been observed to differ 
from those seen in less severely ill patients [18–20].
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Fig. 1  Common chest CT findings in COVID-19 pneumonia. Patient 
1: CT scans of a 47-year-old woman affected by COVID-19 pneu-
monia and hospitalized for 6 days without ICU admission. She was 
treated with antiviral and antibiotic therapy, hydroxychloroquine, and 
low flow nasal cannula (2 ml/min). (a) Non-contrast CT scan, axial 
plane, performed at admission showing bilateral crazy-paving opaci-
ties (white arrows) and right posterior consolidation (black arrow). 
(b) Non-contrast coronal plane showing bilateral asymmetric GGOs 
and crazy-paving areas (white arrows), mostly in the posterior sub-
pleural lung regions. Patient 2: CT scans of a 73-year-old man with 

COVID-19 pneumonia, hospitalized for 12 days without ICU admis-
sion. He was treated with a low flow nasal cannula (ranging from 2 to 
4 ml/min), antibiotics, and IV fluids. (c) Non-contrast CT scan, axial 
plane, performed at admission showing bilateral GGOs with super-
imposed interlobular and intralobular septal thickening (white arrow), 
and architectural distortion appearing in the peripheral areas (black 
arrows). (d) Non-contrast coronal plane showing architectural distor-
tion with bilateral subpleural lines (white arrows) and traction bron-
chiectasis (black arrows)

Fig. 2  CT scans of a 36-year-old man affected by severe COVID-19 
pneumonia and hospitalized for 11 days with ICU admission on the 
second day, after being treated with CPAP. In ICU, he went through 
seven cycles of pronation with progressive improvement of lung dis-
tress. (a) Non-contrast CT scan performed on the first day in ICU, 

axial plane, showing GGOs (white arrow) and consolidation (black 
arrows) in all the lobes, with only a few areas of normal parenchyma. 
(b) Non-contrast coronal plane CT scan showing diffuse bilateral 
consolidation crazy-paving pattern involving the majority of the lung 
parenchyma
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More severe disease is associated with the scattered bilat-
eral distribution of lesions either in the subpleural and cen-
tro-parenchymal areas, a higher number of involved lobes, 
a higher percentage of the involved lung parenchyma, and 
exhibit the features typical of the progressive stage of the 
disease. The latter include the coexistence of diffuse GGO 
and consolidations (Fig. 2) [21, 22].

Different patterns from chest CT portray different prog-
nostic roles, as demonstrated by Liang et al. They showed 
that mixed and reticular patterns may be indicative of a bet-
ter outcome as they represent resolving of inflammation. 
The absence of mixed and reticular patterns, on the other 
hand, was linked to a worse prognosis, as the pneumonia 
was shifted toward a worsening disease pattern rather than 
toward resolution [23].

Erturk et  al. added that, in patients that died from 
COVID-19 or were admitted to ICU, crazy paving, bron-
chus distortion, bronchiectasis, air trapping, and enlarge-
ment of mediastinal-hilar nodes were more common and 
significantly correlated with prolonged hospitalization [24].

The extent of lesions has been used by Aydemir et al. 
to classify patients into 4 groups and study the relation-
ship with adverse events. They found a positive correlation 
between pulmonary involvement and rate of ICU transfer 
with significant differences among the different groups: 2.2% 
for group 0 (no lesions), 5.6% for group 1 (unilateral and 
few lesions in one segment or lobe), 13.5% for group 2 (≤ 3 
lesions in multiple lobes or segments), and 17.7% for group 
3 (diffuse and bilateral lesions) [25].

The use of pattern categorization of CT findings has been 
tested by Jin et al. and compared with clinical outcomes, i.e., 
ICU, mechanical ventilation (MV), or death.

They divided their series of CT scans acquired within 
2  weeks after symptom onset into 4 groups: pattern 0 
(negative), pattern 1 (bronchopneumonia pattern), pat-
tern 2 (organizing pneumonia pattern), pattern 3 (progres-
sive organizing pneumonia pattern), and pattern 4 (diffuse 
alveolar damage pattern). They found that this CT pattern 
correlates can play a prognostic role in the stratification of 
these patients, helping in the decision-making process and 
in the allocation of healthcare resources. Particularly, they 
observed that patients with CT pattern 4 were those who 
shared a higher risk of admission to ICU/mechanical ven-
tilation/death, while patterns 3 and 4 could correlate with 
pulmonary residuals on CT [26].

In a study by Chon et al., pleural effusions were not typi-
cal features for COVID-19 pneumonia but were nonethe-
less a better prognostic factor: Their presence increases the 
risk (OR 19.41) for critical events (ICU admission or death) 
with a 19.41 odds ratio (OR), higher than those of parenchy-
mal lesions (OR 7.15 for crazy paving) [27]. Abkhoo et al. 
included pleural effusion in the significant factors able to 
predict mortality in patients admitted to ICU, together with 

cardiomegaly and pericardial effusion. They also considered 
hypertension and low oxygen saturation as predisposing fac-
tors for mortality, creating a model with 90.0% PPV [28].

Furthermore, specific vascular changes (VCs) can predict 
disease progression due to their relation with respiratory dis-
tress, increasing the risk for hospitalization and ICU need. 
The considered VCs were thinning or enlargement, irregular 
course due to angulation or traction, vessel wall irregularity, 
bronchovascular ectasia, and annular segmental concentric 
contraction (vascular knuckle) that correlated with the diam-
eter and the location of the lesions, especially if central and 
in the middle lobe [29].

The prognostic role of pulmonary findings has been fur-
ther investigated by Hegazu et al. in a cohort of 168 ICU 
patients with COVID-19. The majority of patients had mul-
tifocal and bilateral GGOs, significantly correlated with 
SOFA score on admission and with specific comorbidities, 
mainly cardiovascular disease and obesity. No significant 
correlation has been observed between radiographic findings 
and mortality, despite a higher incidence of multifocal and 
bilateral consolidations in death patients [30].

Table 1 provides a summary of included papers focused 
on the evaluation of pulmonary prognostic findings for ICU 
admission.

Extrapulmonary prognostic findings for ICU 
admission

In addition to estimation of lung parenchyma involvement, 
chest CT can provide extrapulmonary data about body com-
position to predict COVID-19 severity. It has already been 
demonstrated that obesity is a risk factor for poor clini-
cal outcomes [31–33] and Pediconi et al. further assessed 
the relationship between adipose tissue and severity of 
lung disease. They retrospectively calculated the area of 
subcutaneous and visceral adipose tissue (SAT and VAT, 
respectively) with a manual segmentation at the L3 verte-
bral level, testing them in multiple models for prediction of 
ICU admission. At univariate analysis, VAT and SAT areas 
significantly correlated with lung disease severity (total 
score as the sum of each lobe score). Moreover, after mul-
tivariate logistic regression, VAT score (< 100  cm2 normal 
weight – score 0; 100–129  cm2 overweight – score 1; > 130 
 cm2 obesity – score 2) was identified as the best predictor 
(OR 4.307–12.842) without the significant contribution of 
comorbidities at ROC analysis (0.834 vs. 0.821 for the CT-
based model) [34]. In addition to VAT and SAT, whose ratio 
resulted in being a predictor of poor outcome (HR 1.30), 
Bunnell et al. focused on the intermuscular adipose tissue 
(IMAT), which is already considered as an independent risk 
factor for impaired lipid profile, glucose tolerance, and mus-
cle quality [35]. They performed body segmentation from 
axial CT images at the L4 level, and after model adjustment 
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for clinical variables, higher IMAT was associated with 
adverse outcome (HR 1.44), i.e., reduced time to ICU admis-
sion or in-hospital death [36].

Other authors evaluated the relationship between cardiac 
adipose tissue and COVID-19 pneumonia extent to enhance 
outcome prediction. Grodecki et al. quantified the extent 
of epicardial adipose tissue (EAT), significantly higher in 
patients with adverse outcomes, i.e., ICU admission, need 
of mechanical ventilation or vasopressor therapy, and death 
(median 132.2 mL vs. 84.9 mL); EAT resulted in being posi-
tively correlated with pneumonia extent (r = 0.29). Moreo-
ver, after multivariate logistic regression analysis, authors 
concluded that EAT was an independent predictor of adverse 
outcome (volume – OR 5.1 per doubling, attenuation – OR 
3.4 per 5 HU increase) and pneumonia severity (OR 2.5) 
[37]. Phan et al. evaluated epicardial and pericardial adipose 
tissue, determining cardiac adipose tissue volumes indexed 
to body surface area (CATi), in diabetic COVID-19 patients 
to estimate short-term outcomes, i.e., ICU requirement or 
death, in the first 21 days from admission. The proposed risk 
score included CATi and IL-6 measurement as significant 
prognostic variables to predict adverse events with AUC 
0.76 [38]. A different approach focused on the fat-to-muscle 
ratio (FMR) as an early biomarker for outcomes within a 
follow-up period of 22 days after the initial CT scan. They 
extracted the fat mass according to the axial waist circum-
ference and the average muscle area of the bilateral spine 
muscles at the T12 vertebral level. In the multivariate logis-
tic regression, high FMR and age significantly predicted the 
necessity for ICU treatment [39].

This finding was confirmed in another study which demon-
strated that a lower muscle mass was independently associated 
with poor clinical outcome, i.e., ICU admission (OR 4.3) and 
in-hospital mortality (OR 2.3). In this study, axial CT images 
at T5 or T12 vertebral levels were chosen to measure bilat-
eral paravertebral skeletal muscle mass (SMM), estimating 
patients’ height by vertebral size. Their combined model of 
CT-derived data incorporating muscle mass and lung involve-
ment predicted ICU admission and death (AUC 0.83 and 0.81, 
respectively), and the addition of clinical data did not signifi-
cantly improve predictive performance [40].

Also, Giraudo et al. estimated the prognostic role of mus-
cle mass reduction, defined as the presence of a CT density 
HU < 30 of the right paravertebral muscle at T12 level. ICU 
patients had a significantly lower muscle attenuation (29.0 vs. 
39.4), and after logistic regression analysis, muscle mass was 
confirmed to be a predictor of ICU admission, reaching a sen-
sitivity of 71.15 with a cut-off value of 34 HU as the initial 
sign of muscle loss. However, this parameter did not statisti-
cally influence the overall outcome of COVID-19 patients 
and was not associated with higher mortality risk [41].

Kottlors et al. tested bone mineral density (BMD) of T9-T12 
vertebral levels as a predictor of ICU admission within the 

22 days after the initial CT scan. The assessed parameters were 
mean bone density (mg/mL), Z-score, and T-score. BMD alone 
proved to be a significant predictor of ICU admission with a 
risk > 75% if BMD < 80 mg/mL. After the addition of age and 
gender in the multivariate regression model, BMD could no 
longer be considered as a significant indicator for a high linear 
correlation between age and BMD [42].

Different from the previous study, Tahtabasi et al. meas-
ured BMD at L1 level, using a cut-off value of 100 HU to 
define low density. In the lower BMD group, they observed a 
significantly higher rate of ICU admission (33.4% vs. 21.2%) 
as a result of univariate analysis [43].

Table 2 provides a summary of included papers focused 
on the evaluation of extra-pulmonary prognostic findings 
for ICU admission.

Semi‑quantitative analysis of lung for prognostic 
features

Some authors used semi-quantitative methods (assigning 
specific scores according to the percentage of involved 
parenchyma) to assess the prognostic value of baseline chest 
CT (Fig. 3) [44].

Indeed, the visual quantification of lung lesions has been 
tested by Ruch et al., who stratified patients into 6 classes 
(normal, 0–10%, 11–25%, 26–50%, 51–75%, and > 75%) on 
the basis of pulmonary parenchymal involvement.

The extent of lesions at baseline CT scan was indepen-
dently associated with prognosis. Furthermore, 69.5% of 
patients (66/95) with > 50% lung involvement developed the 
severe disease, i.e., ICU admission or death, in the 7 days 
after hospital admission [45]. Similarly, in another multi-
center study by Luo et al., a pulmonary opacity score ≥ 41% 
at admission resulted in being independently associated with 
severe COVID-19 disease (OR 15.58), specifically ICU 
admission (OR 6.26), and respiratory failure (OR 19.49) [46].

The CT severity score (CTSS) has been reported to cor-
relate with disease severity and is used to quantify pulmo-
nary involvement in patients with a COVID-19 Reporting 
and Data System (CO-RADS) ≥ 3 (indeterminate, high, very 
high, or RT-PCR + for COVID-19).

It is based on a visual assessment of lobar parenchymal 
involvement and consists of the sum of the scores given to 
the radiologists to each lobe on the basis of their involvement 
in the disease (ranging from 0 (no involvement) to 25 (maxi-
mum involvement)). After adjustment for confounding vari-
ables, CTSS at presentation was associated with ICU admis-
sion (OR 1.23) and also with hospital admission and 30-day 
mortality. Specifically, a CTSS value ≥ 15 predicted ICU 
admission with specificity ≥ 90%, while a CTSS value ≤ 9 
excluded ICU admission with sensitivity ≥ 90% [47].

Büttner et  al. described a further semi-quantitative 
method for estimation of pulmonary involvement.
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Their method included the measurement of affected lung 
areas at three levels (aortic arch, tracheal bifurcation, infe-
rior end of the xiphoid) divided by the total lung area at 
the same level, followed by an average of the three images. 
They found that the median percentage of involved paren-
chyma was higher in patients admitted to the ICU or in 
those intubated and a 10% increase in affected lung area 
significantly increased the instantaneous risk of intubation 
(HR 2.00) and ICU necessity (HR 173). Statistical analyses 
identified 17.6% as a cut-off of parenchymal involvement for 
ICU treatment with a specificity of 80.0%, a sensitivity of 
77.8%, and an area under the curve (AUC) for the endpoint 
of 85.6% [48].

Using the same method for the semi-quantitative analysis, 
Hosse et al. confirmed that a 10% increase in the affected 
parenchyma increased the risk for ICU admission (OR 1.68) 
and for invasive ventilation (OR 1.58), improving early 
detection of patients at risk for poor outcome compared to 
subjective assessment [49]. In their analysis of serial CT 
features of COVID-19 patients, Li et al. stated that critical 
patients had higher CT scores from the second to the fourth 

week after onset of symptoms with a peak value of all the 
features in the third week. The overall lung involvement 
score on the second week had the highest predictive value 
for whole-course clinical severity with a sensitivity of 81% 
and a specificity of 69.2% [50].

Other authors combined semi-quantitative CT analy-
sis with clinical laboratory data to identify risk factors 
for ICU admission and in-hospital death. Among the 
evaluated predictors, high values of CT scores, older age 
(≥ 53 years), lower oxygen  (O2) saturation ≤ 90%, erythro-
cyte sedimentation rate (ESR) ≥ 60 mm/h, and white blood 
cells (WBC) ≥ 8000 ×  103/μL were found to be significant 
[51–53].

Based on similar findings, Salahshour et al. considered 
patients with age ≥ 53,  SpO2 ≤ 91, and CT score ≥ 8 at high 
risk for poor outcome, i.e., ICU admission and death, creat-
ing a predictive model with 81.95% accuracy. Their semi-
quantitative score evaluated the extension of pulmonary 
involvement (PI) as the sum of GGOs and consolidation, 
with a maximum total score of 35 [54].

Table 2  Extrapulmonary prognostic findings for ICU admission

Reference Author Year CT findings Prognostic value

[34] Pediconi 2021 Significantly higher incidence in ICU patients (26/62):
- higher lung disease severity score (median 16)
- VAT area (median 258.3  cm2)
- VAT score

Independent predictor of ICU admission: VAT score – 
OR 4.307–12.842

AUC – ICU: 0.834 (VAT, SAT, lung disease severity, 
and comorbidities)

[36] Bunnell 2021 - Median VAT/SAT ratio 0.51 (median SAT 269.9 
 cm2, median VAT 145.6  cm2)

- Median IMAT 12.1  cm2

- Median paraspinal and abdominal muscle 134.5  cm2

Independent predictor of ICU admission or death: VAT/
SAT – OR 1.30, higher IMAT – HR 1.44

[37] Grodecki 2021 Significantly higher EAT volume in patients with 
clinical deterioration (median 132.2 mL – 23/109)

Positive correlation between EAT volume and total 
pneumonia burden (r = 0.29)

Independent predictors of clinical deterioration: EAT 
volume – OR 5.1, EAT attenuation – OR 3.4

[38] Phen 2021 Significantly higher CATi in patients with an adverse 
event at 21 days (20/41)

AUC CATi*IL-6 – adverse events at 21 days: 0.76

[39] Kottlors (1) 2020 Higher FMR according to the respective degree of 
medical care (median ICU 6.2 – 26/58 patients)

Independent predictor of ICU admission: FMR ≥ 7 – 
increased probability to about 80%

[40] Schiaffino 2021 Significantly lower T5 and T12 paravertebral muscle 
mass in ICU patients (92/552)

Independent predictors of ICU admission: SMM T5 – 
OR 3.3, SMM T12 – OR 1.9

AUC– ICU: 0.834 (muscle status, chest CT fea-
tures + / − clinical features)

[41] Giraudo 2021 Significantly lower attenuation of right paravertebral 
muscles in ICU patients (median HU 29.0 – 36/150)

Performances HU – ICU (cut-off 34 HU): accuracy 
62.9%, sensitivity 71.1%, specificity 53%

[42] Kottlors (2) 2020 Significantly lower BMD in ICU patients: (median 
ICU 6.2 – 26/58 patients)

Independent predictor of ICU admission: 
BMD < 80 mg/ml – increased probability to about 
75%

AUC – ICU: 0.824 (only age in the regression model, 
no advantages from BMD)

[43] Tahtabasi 2021 Lower BMD (≤ 100 HU) in ICU patients (52/209) Significantly higher rate of ICU admission in patients 
with lower BMD (33.4% vs. 21.2%)

Significant correlation between clinical classification 
and lower BMD (r = 0.152)
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Table 3 provides a summary of included papers focused 
on the semi-quantitative analysis of lungs for prognostic 
features.

Chest CT and artificial intelligence 
in COVID‑19 patients for the prediction 
of ICU admission

Multiple AI models have been developed and tested on CT 
images to improve the clinical decision-making process in 
the management of patients with a suspected diagnosis of 
COVID-19. They offer promise in identifying COVID-19 
pneumonia and its complications [55–59], in the differen-
tial diagnosis of pneumonia due to other etiologic agents 
[60–62], and in risk stratification of patients [63–66]. These 
tools, usually trained with images labeled by radiologists 
(Fig. 4), have demonstrated additional advantages including 

increased diagnostic efficiency and reduced workload on 
radiologists [67, 68].

A developed deep neural network (DNN) has been tested 
for automatic quantification of disease severity and predic-
tion of patients’ outcomes, focusing on ICU admission and 
mortality risk. This AI-based framework employed DNN 
to segment lung lobes and pulmonary opacities and then 
to estimate lobar severity score (0–5) according to the vol-
ume ratio of pulmonary opacities of each lung lobe and total 
extent of pulmonary opacities as the sum of lobar scores 
(0–25). These findings were correlated with the final out-
come of included patients, divided into 4 groups (group 
1 – length of hospitalization < 7 days; group 2 – length of 
hospitalization > 7 days; group 3 – ICU admission; group 4 
– death). The three analyzed models [support vector machine 
(SVM), random forest (RF), and logistic regression (LR)] 
outperformed radiologists in the outcome prediction in 
group 3 with an AUC of 0.766 for SVM, 0.757 for RF, and 

Fig. 3  Use of semi-quantitative methods to predict the outcome of 
COVID-19 patients, assigning specific scores according to the per-
centage of involved parenchyma at chest CT scan. Patient 1 – mild 
disease: CT scans of an 80-year-old woman affected by COVID-19 
pneumonia, hospitalized for 11  days without ICU admission and 
treated with low flow nasal cannula (2  ml/min) and antibiotics. (a) 
Non-contrast CT scan, axial plane, performed at admission showing 
bilateral GGOs in the centro-parenchymal areas (white arrows). (b) 
Non-contrast coronal plane showing bilateral GGOs in the posterior 
subpleural areas (white arrows). Patient 2 – severe disease: CT scans 
of a 68-year-old man affected by COVID-19 pneumonia and hospi-

talized for 25 days, with ICU admission on the fifth day due to pro-
gressive deterioration of respiratory function. He was treated with 
IV antibiotic and antiviral therapy and heparin. His stay in ICU was 
complicated with multiple urinary tract infections that led to stage 
two AKI, thus prolonging his total hospitalization days. (a) Non-con-
trast CT scan, axial plane, performed at admission showing bilateral 
and diffuse GGO areas in both lungs (white arrows). (b) Non-contrast 
coronal plane showing bilateral GGOs (white arrows) and subpleural 
areas with interlobular and intralobular septal thickening (black 
arrows)
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0.766 for LR. The model also outperformed radiologists in 
group 4, reaching an AUC of 0.655 for SVM, 0.676 for RF, 
and 0.736 for LR [69].

Chatzitofis et  al. built a prediction model without 
results of laboratory tests immediately after ED admis-
sion. Their two-stage data-driven algorithm was able to 
stratify patients into three groups (moderate, severe, and 
extreme) according to the possibility of being discharged, 
hospitalized, or admitted to ICU, respectively. Using the 
COVID-19_CHDSET Dataset (annotated CT dataset of 
COVID-19 patients from Milan) as the training set, the 
developed algorithm with DenseNet201-VoI as backbone 
model yielded an AUC of 0.97, 0.92, and 1.00 for the three 
classes, respectively, and accuracy of 88.88%, specificity 
of 94.73%, and sensitivity of 89.77% [70].

A similar risk stratification model has been used by 
deep learning (DL)-based fully automatic algorithm by 
Weikert et al. to extract pulmonary and cardiovascular 
measures from CT images. Their aim was to test the model 
performance in the prediction of ICU admission while also 
considering demographic findings and six laboratory fea-
tures related to cell damage and inflammation – C-reactive 
protein (CRP), lactate dehydrogenase (LDH), WBC, pro-
calcitonin, albumin, and D-dimer. CT metrics alone and 
laboratory findings alone resulted in an AUC of 0.88 and 
0.86, respectively, while the combination of CT, labora-
tory, and demographic data had an AUC of 0.91 [71].

Liu et al. showed that three quantitative volume ratios 
automatically extracted by CT scans of COVID-19 patients 
could predict severe illness better than to previous clinical 
biomarkers. In their study, they segmented lungs and pneu-
monia lesions by combining a fully convolutional network 
with adaptive thresholding and morphological operations. 
This way, they were able to automatically extract the per-
centages of ground glass opacity (GGO), volume (PGV), 
semi-consolidation volume (PSV), and consolidation vol-
ume (PCV), which was defined as the area of intermediate 
homogeneous increase in density. They found that these 
CT findings, calculated on day 0 and day 4 (including their 
changes from day 0 to day 4), were correlated with the risk 
prediction of severe illness [72].

Ho et al. also combined CT features with laboratory 
measurements for the prediction of disease severity in 
which the DL model was built on an artificial neural net-
work (ANN) for clinical and laboratory features and on a 
convolutional neural network (CNN) for CT imaging data. 
They classified patients according to the high (event) or 
low (event-free) risk of severe progression, i.e., respiratory 
deterioration (high-flow nasal cannula, mechanical ventila-
tion, ICU admission), renal failure, septic shock, or death. 
The mixed artificial convolutional neural network (ACNN) 
model yielded an AUC of 0.916, an accuracy of 93.9%, 
and a specificity of 96.9%. Among clinical and laboratory 

features, CRP and WBC demonstrated a strong positive 
correlation with the outcome; age was considered as a sig-
nificant risk factor, while female sex and oxygen saturation 
showed a negative correlation with the endpoint [73].

Another model used a deep CNN to segment CT imag-
ing and to extract 12 laboratory tests that showed the largest 
change in the two groups of patients, i.e., severe and non-
severe groups. The former included those with respiratory 
failure and need for supplemental oxygen, multi-organ fail-
ure, or ICU admission. The prediction model showed an 
AUC of 0.93, and D-dimer, LDH, and lymphocytes were 
identified as predictors of higher mortality risk [74].

Artificial intelligence has been applied to perform quan-
titative CT, a rapid and objective approach to assess disease 
severity and to predict the clinical outcome: It takes advan-
tage of computer-aided software to segment and quantify 
lung volumes according to specific Hounsfield unit (HU) 
intervals [75]. Cai et al. investigated the validity of CT 
quantification using two U-Net models to segment images 
and to calculate total lung volume, lesion volume, and non-
lesion lung volume. Then, they built random forest models 
to stratify patients (moderate, severe, critical) and to pre-
dict patients’ outcomes, including need and length of ICU 
stay, that reach an AUC of 0.960 [76]. Similarly, Yan et al. 
used a U-Net-based architecture to extract quantitative CT 
parameters, i.e., total opacity/GGO/consolidation volumes 
and percentages. Despite a significant difference in all the 
aforementioned CT parameters between ICU and non-ICU 
patients, multivariate analysis revealed age > 60 years (OR 
12.72), comorbidities (OR 5.55), and CT total opacity per-
centage > 10.5% (TOP – OR 8.0) as predictors for adverse 
outcome [77].

A machine learning multiparametric model was devel-
oped to estimate the need for ICU treatment, including quan-
titative CT features (affected lung volume) and inflammatory 
parameters (CRP and IL-6). The RF modeling yielded an 
AUC of 0.79, an accuracy of 0.80, a sensitivity of 0.72, and a 
specificity of 0.86, and it demonstrated a major involvement 
of upper lung in high-risk patients (mean importance 0.184) 
[78]. A French retrospective study focused on the automated 
quantification of GGOs, included in the range from − 700 
to − 501 HU), and normally restricted parenchyma, included 
in the range from − 900 to − 701 HU. The latter was signifi-
cantly lower in patients admitted to ICU, and GGOs were 
considered as a biomarker of pulmonary injury, considering 
a significant correlation between measured lung volumes 
and a respiratory assessment severity score (7 degrees: 
ranging from 1 (absence of hospitalization and inability to 
resume normal activity) to 7 (death)) [79].

Other studies focused on the prognostic value of non-
affected lung parenchyma, as demonstrated by Colombi 
et al. They quantified well-aerated parenchyma on admis-
sion CT either visually (%V-WAL) or with open-source 

255Emergency Radiology (2022) 29:243–262



1 3

software (%S-WAL and absolute volume, VOL-WAL) to 
estimate the occurrence of ICU admission or death. After 
adjustment for demographics and clinical parameters, a 
%V-WAL < 73% or %S-WAL < 71% and VOL-WAL < 2.9 
L (OR 2.6; 95% CI 1.2–5.8; P < 0.01) was identified as a 
predictor of adverse outcome [80]. In a similar study, a 
software-based estimation of the normal lung parenchyma 
percentage (SQNLP) < 81.1% (sensitivity 86.5% and speci-
ficity 86.7%) accurately predicted ICU admission, and an 
SQNLP < 82.45% was related to severe pneumonia (sensitiv-
ity 83.1% and specificity 84.2%) and increased presence of 
crazy-paving pattern [81].

Radiomics represents a further application of artificial 
intelligence for prognostic evaluation of COVID-19 patients, 
eventually integrated by additional DL algorithms for the 
inclusion of non-imaging features. Wu et al. constructed a 
radiomic signature (Radscore) of 5 features selected after 
application of LASSO regression and integrated with clini-
cal risk factors (age, sex, type on admission, comorbidities) 
for the prediction of poor outcome, i.e., death, MV, and 
ICU admission. The hybrid of clinical and radiomic models 
showed an AUC of 0.862 (vs. AUC of 0.816 of the Rad-
Score only) [82]. The radiomic model by Xu et al. achieved 
an AUC of 0.869 in the prediction of ICU admission that 
improved up to 0.916 after the introduction of clinical and 
laboratory features. Moreover, the resulting hybrid model 
accurately estimated the progression time to ICU need in 
COVID-19 patients [83].

The proposed holistic model by Chao et al. included 
imaging data and demographic, clinical, and laboratory 
findings to predict the need for ICU admission. Features 
derived from CT scans included hierarchical lobe-wise quan-
tification features, ratio of opacity volume, and whole lung 
radiomics. The use of an RF classifier allowed to create this 
hybrid model that achieved an AUC of 0.884 and a sensitiv-
ity of 96.1% [84].

Another merged model based on 6 radiomic features and 
3D-Resnet-10-based DL scores confirmed the complemen-
tarity of the two types of features in the distinction between 
severe and critical cases of COVID-19 according to the 

presence of respiratory failure, MV, and organ failure requir-
ing ICU admission. In the test cohort, the model reached an 
AUC of 0.861 which was higher than the AUC of the single 
radiomic or DL models (0.838 and 0.787, respectively) [85].

Bartolucci et al. performed either quantitative and texture 
CT analysis to create and compare different models for the 
prediction of ICU admission, including also blood labora-
tory-arterial gas analyses: In the a priori feature selection, 
the authors included 3 volumes in the radiological model 
(well-aerated lung, % GGOs, and % consolidations), 86 tex-
ture features in the radiomic model, and 6 parameters for 
the clinical model (age, LDH, D-dimer, PCR, lymphocyte 
count, P/F ratio). After binomial regression, only relevant 
features were included in the tested models, and the hybrid 
radiological model (age, P/F, LDH, % of consolidations) 
demonstrated the best performance in the validation set with 
an AUC 0.82 [86].

Table 4 provides a summary of included papers focused 
on the application of AI for the prediction of ICU admission.

Follow‑up chest CT in severe COVID‑19 
patients

Mid- and long-term follow-up studies have demonstrated 
that pulmonary fibrosis could be more frequently detected 
on CT scans of severe and critical COVID-19 patients due to 
a more extensive lung inflammation during the acute phase 
(Fig. 5) [87]. In fact, despite a relatively higher persistence 
of pulmonary lesions in hospitalized patients at short-term 
follow-up, mainly as GGOs, the difference between severe 
and non-severe cases regards their dissipation. It is slower 
in severe patients that had a higher percentage of irrevers-
ible lesions, such as fibrous strips [88]. Moreover, ARDS 
is a known risk factor for the development of fibrotic-like 
changes, eventually associated with ventilator-induced lung 
injury after NIV [89, 90].

Han et al. performed a prospective study to assess the 
presence of lung fibrotic changes at 6 months follow-up, 
with a further evaluation after 1 year from the beginning of 

Fig. 4  Labeling of CT images for the training phase of AI algorithms. Each CT finding is manually contoured and labeled with the name of the 
specific finding related to (a) GGO, (b) crazy paving, and (c) consolidation
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the infection. Using semi-quantitative CT scores to quan-
tify the extent of pulmonary findings, they found that 35% 
of severe COVID-19 patients demonstrated radiographic 
features of fibrosis, i.e., traction bronchiectasis, parenchy-
mal bands, and honeycombing, at 6 months follow-up. In 

addition, their results included multiple independent predic-
tor factors: age > 50 years (OR 8.5), heart rate > 100 bpm 
(OR 13), or a total chest CT score ≥ 18 (OR 4.2) at admis-
sion, length of hospital stay ≥ 17 days (OR 5.5), develop-
ment of ARDS (OR 13), or need of NIV (OR 6.3) during 

Table 4  Application of AI for the prediction of ICU admission

Reference Author Year Predictor N° patients Results

[69] Fang 2021 DL – SVM, RF, LR 193 COVID + : 105 – dataset A, 88 – 
dataset B

AUC – ICU: 0.813

[70] Chatzitofis 2021 DL – DenseNet201 497 COVID + AUC – ICU: 0.99 – COVID-19_CHDSE-
TOS, 1.00 – COVID-19_CHDSETUS

[71] Weikert 2021 DL – UNet 120 COVID + AUC – ICU: 0.91
[72] Liu 2020 QCT 134 COVID + AUC – severe disease: 0.93
[73] Ho 2021 DL – ResNet50, 

Inception V3, 
DenseNet121

297 COVID + AUC – event: 0.916

[74] Li 2020 DL 46 COVID + AUC – severe cases: 0.93
[75] Ufuk 2021 QCT 76 COVID + AUC – extensive disease: 0.873
[76] Cai 2020 QCT 99 COVID + AUC – ICU: 0.945
[77] Yan 2021 QCT 221 COVID + AUC TOP – ICU: 0.88
[78] Burian 2020 QCT 65 COVID + AUC – ICU: 0.79
[79] Noll 2020 QCT 37 COVID + Correlation with clinical data in ICU and 

non-ICU patients
[80] Colombi 2020 QCT 236 COVID + AUC – ICU: 0.86
[81] Durhan 2020 QCT 90 COVID + AUC – ICU: 0.944
[82] Wu 2020 Radiomics 492 COVID + AUC – poor outcome: 0.862 – early phase 

group, 0.976 – late-phase group
[83] Xu 2020 Radiomics 3024 COVID + : 1662 – cohort 1, 700 – 

cohort 2, 662 – cohort 3
AUC – ICU: 0.916

[84] Chao 2020 Radiomics 295 COVID + : 113 – dataset A, 125 – 
dataset B, 57 – dataset C

AUC – ICU: 0.884

[85] Li 2020 DL – Radiomics 217 COVID + AUC – poor outcome: 0.861
[86] Bartolucci 2021 QCT, Radiomics 115 COVID + AUC hybrid radiological model: 0.82

Fig. 5  Serial CT scans of a 73-year-old woman affected by severe 
COVID-19 pneumonia and hospitalized for 34  days. She required 
ICU admission (total length: 12  days) for progressive respiratory 
failure, treated with intubation and prone-position ventilation. (a) 
Non-contrast CT scan at admission showing scattered bilateral GGOs 
either in the subpleural and centro-parenchymal areas (*), associated 

with initial thickening of interlobular septa (black arrow). (b) Non-
contrast CT scan at 3 months demonstrating absorptions of previous 
opacifications and appearance of signs of fibrosis, mainly traction 
bronchiectasis (white arrow) and parenchymal bands (black arrow-
head). (c) Non-contrast CT scan at 1 year confirming stable fibrotic 
sequelae
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hospitalization. In their following study, the authors con-
firmed that all the patients with fibrotic changes at 6-month 
CT had persistence of those abnormalities at 1 year with a 
slight severity reduction in 23% of cases; moreover, they 
did not find significant differences in CT scores of fibrotic 
patients: These features indicate that late-stage pulmonary 
fibrosis may be irreversible. From the clinical point of view, 
78% of patients with persistent exertional dyspnea and 85% 
of abnormal pulmonary diffusion had fibrotic changes on CT 
(negative correlation, r =  − 0.35) [91, 92].

Some of the aforementioned radiographic changes typi-
cal of fibrosis, i.e., honeycombing and traction bronchiec-
tasis, have been evaluated in another retrospective study, 
performed in 43 patients admitted to ICU with a minimum 
follow-up of 6 months. According to Poitevineau et al., 
they were of limited extent (< 10% of lung parenchyma) 
and occurred in a minority of patients (28%) with longer 
ICU stay (median 24 days) or extensive pneumonia at 
baseline CT (> 50%). In fact, the most common pattern 
was late organizing pneumonia without fibrotic changes, 
characterized by residual ground glass and parenchymal 
bands [93].

Liu et al. found similar results in their follow-up study 
performed 7  months after recovery from COVID-19. 
They confirmed that patients were more prone to develop 
fibrosis after severe disease, especially if older, treated 
with steroid or mechanical ventilation, and with a longer 
hospital stay. The fibrosis group of patients demonstrated 
significant differences in some laboratory values, i.e., 
lower values lymphocyte count, mainly T cell count, and 
higher values of D-dimer and LDH at discharge. For the 
prediction of pulmonary fibrosis at 7 months follow-up, 
the combined clinical-radiological model reached an AUC 
of 0.945 [94].

Tabatabaei et al. further confirmed the results of previ-
ous studies about the chronic sequela of COVID-19, focus-
ing on a 3-month follow-up; 42.3% of patients included in 
their cohort (22/52) demonstrated residual lung involvement: 
GGOs and/or peripheral parenchymal bands in the initial site 
of infection. Authors also identified the same risk factors, 
i.e., severe disease (higher rate of ICU admission, longer 
hospitalization, extensive disease at admission with higher 
CT scores), higher number of patients with comorbidities, 
and leukocytosis at admission and during the hospital stay. 
Considering the possibility to potentially predict the devel-
opment of specific pulmonary findings at mid-term follow-
up, the presence of specific features at admission can suggest 
the need for follow-up CT scans and specific management 
choices [95].

Truffaut et al. focused on the correlation between radio-
logical pulmonary findings at admission and 3-month seque-
lae in ARDS COVID-19 patients, previously admitted ICU 
discharge. Abnormal lung function test (DLCO and FEV1) 

and the number of affected lung segments on follow-up CT 
scan resulted in being significantly correlated with the number 
of affected lung segments on baseline CT scan, but not with 
the initial CT pattern. Moreover, a minority of the included 
patients showed normalization (14%) at follow-up CT scan, 
while the majority of patients exhibited a decreased number of 
affected segments (median 8.1 vs. 17.2) with fibrosis (100%) 
as predominant radiological abnormality [96].

Table 5 provides a summary of included papers focused on 
the evaluation of pulmonary findings on follow-up CT scans 
of severe COVID-19 patients.

Conclusions

In this paper, we summarized the role that baseline CT scan 
plays in the prediction of ICU admission in COVID-19 
patients.

Such patients’ stratification is of great utility in the current 
context of the pandemic and in any healthcare setting with 
resource constraints. The prognostic pulmonary findings for 
severe disease include a major extent of parenchymal involve-
ment, vascular abnormalities, and the presence of fibrotic fea-
tures. Furthermore, specific laboratory parameters or features 
about body composition, mainly high adipose content, can also 
be associated with a poor outcome.

The prognostic value of CT scans can be improved when 
integrated into AI systems. Indeed, the combination of imag-
ing and machine learning can provide tools for fast, accurate, 
and precise disease extent quantification as well as the iden-
tification of patients at risk for severe adverse events from 
COVID-19.
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