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Abstract: The purpose of our work was to assess the independent and incremental value of AI-
derived quantitative determination of lung lesions extent on initial CT scan for the prediction of
clinical deterioration or death in patients hospitalized with COVID-19 pneumonia. 323 consecutive
patients (mean age 65 ± 15 years, 192 men), with laboratory-confirmed COVID-19 and an abnormal
chest CT scan, were admitted to the hospital between March and December 2020. The extent of
consolidation and all lung opacities were quantified on an initial CT scan using a 3D automatic AI-
based software. The outcome was known for all these patients. 85 (26.3%) patients died or experienced
clinical deterioration, defined as intensive care unit admission. In multivariate regression based on
clinical, biological and CT parameters, the extent of all opacities, and extent of consolidation were
independent predictors of adverse outcomes, as were diabetes, heart disease, C-reactive protein, and
neutrophils/lymphocytes ratio. The association of CT-derived measures with clinical and biological
parameters significantly improved the risk prediction (p = 0.049). Automated quantification of lung
disease at CT in COVID-19 pneumonia is useful to predict clinical deterioration or in-hospital death.
Its combination with clinical and biological data improves risk prediction.

Keywords: COVID-19; pneumonia; quantitative CT; artificial intelligence; outcome prediction;
multivariate analysis

1. Introduction

The SARS-COV-2 is currently responsible for a worldwide pandemic that may lead
to severe viral pneumonia with critical complications, including acute respiratory failure
requiring admission in an intensive care unit (ICU) for mechanical ventilation or high flow
oxygenation. Among patients hospitalized for COVID-19, 14–30% will require admission
to an ICU, and 20–33% of them will die [1–4]. Identification of patients at risk for severe
COVID-19 is critical in order to deliver proper care and to optimize requirements for limited
ICU resources [5]. Even if the staging of patients upon their hospital admission is mainly
based on risk scores that combine several clinical and biological biomarkers [6–10], the role
of imaging may be focused on an estimation of the lung disease extent from CT scans. CT
findings can indicate disease stage [11–13] and predict adverse outcomes [14–16]. Patients
with severe COVID-19 pneumonia tend to have more opacities, and the increase in lung
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consolidation that occurs most often later in the disease tends to be associated with more
critical illness [17,18]. Despite two studies showing that lung disease extent in COVID-
19 pneumonia assessed by visual scoring correlates with clinical disease severity [19,20],
visual estimation of disease extent even done by experimented radiologists may be a source
of variability. Artificial Intelligence (AI) software developed to help radiologists in the
quantification of lung involvement in COVID-19 may overcome this limitation [21]. Some
investigators developed their own AI system for accurate quantitative measurements and
prognosis of COVID-19 pneumonia using CT [22–24]. However, their systems were trained
and validated on data from a single-center or few centers located in the same geographical
area. This may question the reproducibility of AI system performances when applied in
other regions or countries.

We hypothesized that an AI-based software trained, validated, and tested on an inter-
national basis, providing a 3D quantification of lung disease on initial CT scan performed
in patients hospitalized for COVID-19 pneumonia could predict clinical deterioration
requiring transfer into an intensive care unit or death, and in addition, could provide
an incremental prognostic value when the quantitative CT-measures are associated with
clinical and biological parameters.

2. Materials and Methods
2.1. Study Design

This retrospective study performed in a tertiary Parisian center was approved by the
Ethics Committee of Foch Hospital, affiliated to the Versailles Saint-Quentin University,
and the requirement for informed consent was waived for fully anonymized data analysis.

Consecutive patients hospitalized for COVID-19 pneumonia (from 15 March to 15 De-
cember 2020), and having an abnormal chest CT scan performed at admission or within
the 48 h after admission in Foch Hospital, Suresnes, France, were included. Patient charts
were reviewed in terms of age, sex, and comorbidities (diabetes, systemic hypertension,
COPD, heart disease, chronic renal disease, and immunodeficiency). We recorded the delay
between the beginning of symptoms and the first CT scan performed at admission or within
the 48 h after admission and collected all biological data, including inflammation indicators
that have been previously reported to be associated with the prognosis of COVID-19 [10].
Medical records were reviewed for outcome assessment within one month following the
CT examination; the severe outcome was defined by transfer to an intensive care unit (ICU)
to receive an oxygen flow rate of 15 L/min or higher, the need for mechanical ventilation,
or patient death.

2.2. CT Scans

Images acquisitions were performed on a Siemens CT scanner (Edge 1; Siemens
Healthineers, Forchheim, Germany). All patients were scanned in a supine position during
an inspiratory breath-hold. Contiguous 0.6 mm thick axial images were reconstructed with
high resolution and soft tissue kernels using an iterative reconstruction algorithm. Contrast
material injection was used in patients because of suspicion of pulmonary embolism
associated with COVID-19 infection. Parameters used for scans without intravenous
contrast included a peak x-ray tube voltage of 120 or 140 kVp, automatic tube current
modulation (DLP: 100–140 mGy.cm), and a slice thickness of 0.6 mm. The protocol for
contrast-enhanced scans included a peak x-ray voltage of 120 kVp, automated tube current
modulation (DLP: 25O–350 mGy.cm), and a slice thickness of 0.6 mm. A total of 60 mL
iodinated contrast material was injected intravenously at a rate of 4ml/sec, followed by
30 mL of saline chaser at a flow rate of 4 mL/s.

2.3. Automatic Quantification of Lung Disease Extent

CT scans of patients hospitalized were analyzed using software providing automatic
segmentation and quantification of lungs, lobes, and affected areas in the lung parenchyma.
This AI solution (AI-Rad Companion Research CT Pneumonia Analysis) was developed
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by Siemens Healthineers to assess quantitatively the extent and severity of lung disease
in patients with COVID-19 pneumonia [25]. The software was trained and validated
with CT scans of COVID-19 pneumonia from two European countries, Canada, and the
USA. It outputs regions of abnormality demarcated in a three-dimensional CT scan and
two combined measures of lung disease extent. The first measures indicate the overall
disease spread relative to the volume of the lungs, while the second measures are lobe-wise
according to automatic segmentation of peripheral, mediastinal, and fissural limits of the
lobes. The global extent of lung disease is measured as the percentage of lung volume
occupied by all opacities including ground glass, crazy paving, and consolidation, followed
by the percentage of lung volume just occupied by high dense opacities corresponding to
consolidation and determined by using an empirical density threshold (−200 HU). The
results are provided in 1 min and 40 s.

2.4. Statistical Analysis

Receiver operating characteristics (ROC) was plotted, and the area under the curve
(AUC) was calculated with 95% confidence intervals for the prediction of severe outcome by
the percentages of lung volume occupied by all opacities and by high-density opacities only.
Discriminant thresholds were obtained using the Youden index (Sensitivity + Specificity − 1).
Univariate logistic regression models were performed, followed by multivariate models
using the variables associated with the severe outcomes (p value < 0.2).

The final model was obtained using the stepwise descending procedure. All tests
were bilateral with a 5% degree of significance. Statistical analyses were performed with
the SAS 9.4 software.

3. Results
3.1. Patients Characteristics

The final study population included 323 patients (mean age 65 yrs (±15), 192 men)
with confirmed COVID-19 infection by a positive RT-PCR (real-time fluorescence poly-
merase chain reaction) on nasopharyngeal tract specimens. The mean time from self-
reported onset of symptoms to hospital admission was 8.33 (±5.17) days.

The severe outcome (transfer in ICU or death) occurred in 85 (26.3%) patients: 54
(16.7%) were admitted to an intensive care unit; 26 (8%) received high flow oxygen only,
and 28 (8.6%) required mechanical ventilation. Finally, 38 (11.8%) patients died, among
which seven died during the first four days of hospitalization. The remaining patients
(n = 238; 73.7%) did not require critical care and had been discharged alive one month after
admission. Patients who experienced deterioration or death were not older (66.48 ± 14.45)
than those who did not (63.77 ± 15.21) (p = 0.15). The male/female ratio was significantly
higher in patients who presented severe outcomes than those who did not (p = 0.02).
The mean time from self-reported onset of symptoms to CT scan was not statistically
significant between patients who were transferred in ICU or died (7.73 ± 5.21 days) and
those who did not (8.54 ± 5.15 days) (p = 0.24). Among comorbidities, the only ones
significantly associated with severe outcomes were diabetes and heart disease (Table 1).
Among laboratory results, only C-reactive protein, procalcitonin, lactate dehydrogenase,
neutrophils count, and neutrophils/lymphocytes ratio were significantly associated with
severe outcomes (Table 1).
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Table 1. Clinical and Laboratory Characteristics on admission and quantitative CT parameters in
univariate logistic regression analysis.

Clinical Deterioration or Death

N Yes (n = 85) No (n = 238) p Value

Clinical characteristics
Age, years 323 66.48 (±14.45) 64.77 (±15.21) 0.15

Male sex: N (%) 323 56 (65.88) 138 (57.98) 0.02
Onset of symptoms 300 7.73 (±5.21) 8.54 (±5.15) 0.24

Hypertension: N (%) 323 39 (45.88) 110 (46.22) 0.96
Diabetes: N (%) 323 35 (41.18) 55 (23.11) 0.002

Heart disease: N (%) 323 20 (23.53) 26 (10.92) 0.005
COPD: N (%) 323 6 (7.06) 8 (3.36) 0.16

Chronic renal disease: N (%) 323 15 (17.65) 34 (14.21) 0.46
Immunodeficiency: N (%) 323 24 (26.63) 53 (22.75) 0.22

Laboratory results (mean ±SD)

C-reactive protein, mg/L 310 152.10
(±107.67) 94.70 (±73.44) <0.001

Ferritin, ng/mL 233 3185.90
(±11037)

1366.76
(±2856.62) 0.21

D-Dimers, µg/mL 257 3.59 (13.20) 1.75 (±3.87) 0.16
Procalcitonin, ng/mL 156 2.42 (±7.27) 0.44 (±1.12) 0.006

LDH, IU/L 194 480.22
(±177.88)

398.89
(±149.63) 0.004

Lymphocytes, G/L 317 0.9 (±0.65) 1.00 (±1.08) 0.44
Neutrophils G/L 317 6.6 (±4.25) 5.13 (±2.7) 0.001

Neutrophils/Lymphocytes 317 14.38 (±35.38) 7.5 (±7.67) 0.008

CT characteristics
IV Contrast material: N (%) 323 36 (42.35) 101 (42.44) 0.99

Volume % of all opacities 323 37.48 (±21.47) 22.63 (±17.01) <0.001
Volume % consolidation 323 8.87 (±8.22) 5.00 (±5.64) <0.001

3.2. Chest CT Findings

A total of 184 (57%) patients underwent non-contrast chest CT, while the remaining
139 (43%) underwent CT angiography for exclusion of pulmonary embolism. The presence
of clots in segmental or subsegmental pulmonary arteries was noted in 13 (9.3%) patients,
among which 11 did not present clinical deterioration or die (p = 0.33).

Quantitative lung features on CT are summarized in Table 1. Patients with deterio-
ration or death had a higher extent of both all opacities (37.48 ± 21.47% of lung volume)
and higher extent of consolidation (8.87 ± 8.22% of lung volume) on CT scan performed at
admission or within 48 h following admission, compared to patients who did not require
critical care or were discharged alive (22.63 ± 17.01% and 5.00 ± 5.64%, respectively)
(p < 0.001). Figure 1 shows a representative case of CT findings automatically segmented
and quantified by the AI-based software.

3.3. Predictors of Clinical Deterioration or Death

The area under the curve (AUC) to predict deterioration or death, when using the
volume percentage of all opacities, was 0.70, with 81% sensitivity and 54% specificity
obtained at the optimal threshold (Youden index = 33). When using high densities only
expressing consolidation, the AUC was 0.68, with 46% sensitivity and 87% specificity at
the optimal threshold (Youden index = 2). In other words, 33% or more of lung volume
occupied by lung opacities provided an 81% sensitivity, and 2% or less of lung volume
occupied by consolidation provided an 87% specificity to predict clinical deterioration
or death.
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Figure 1. Chest CT scan performed the day of hospital admission in a 46 yo male COVID-19 patient. Axial (a), Coronal (b),
and Sagittal (c) reformatted CT images after application of the AI-driven software. The interfaces between the pleura and
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lung parenchyma were automatically segmented by the software. The limits of the lobes are marked with different
colors: yellow for the right upper lobe, green for the left upper lobe, dark green for the right lower lobe, and blue for
the left lower lobe. The red marks represent the contours of lung opacities segmented by the software, and the purple
marks limit the consolidation areas. Automatic measures of the extent of consolidation and all lung opacities were 13%
and 39% of lung volume respectively. This patient had diabetes and presented increased C-reactive protein level and
neutrophils/lymphocytes ratio. After 3 days of hospitalization, because of clinical deterioration, the patient was transferred
to the intensive care unit for high-flow oxygen therapy.

In a multivariate analysis including clinical, biological, and quantitative CT parameters
(Table 2), both volume percentages of all opacities (OR, 2.70; 95% CI: 1.49–4.88, p < 0.001)
and consolidation (OR, 4.08; 95% CI: 1.90–8.78, p < 0.001) were independent predictors
of deterioration or death, as were diabetes, history of cardiac disease, serum C-reactive
protein, and neutrophils-lymphocytes ratio.

The performance of quantitative CT measures in risk prediction was not significantly
different from those of clinical (AUC: 0.62) and biological (AUC: 0.67) parameters isolated
but the association of all components increased significantly the risk prediction (AUC: 0.79),
(p = 0.049).

Table 2. Association of clinical and CT parameters with risk of clinical deterioration or death in a
multivariate logistic regression analysis.

Model 1 (% All Opacities) Model 2 (% Consolidation)

OR [IC95%] p-Value OR [IC95%] p-Value

Diabetes 2.30 [1.26–4.22] 0.007 2.31 [1.25–4.25] 0.007
Heart disease 2.79 [1.34–5.81] 0.006 2.78 [1.33–5.80] 0.006

C-reactive protein 1.32 [1.12–1.56] 0.001 1.28 [1.08–1.51] 0.004
Neutrophils/Lymphocytes 1.03 [1.00–1.06] 0.047 1.03 [1.00–1.07] 0.030

% all opacities at CT 2.70 [1.49–4.88] 0.001
% consolidation at CT 4.08 [1.90–8.78] <0.001

4. Discussion

In this monocentric study of patients hospitalized for COVID-19 pneumonia in a
Parisian center, we found that extent of lung infiltration assessed on CT scan performed at
admission or within the first 48 h after admission independently predicts the risk of clinical
deterioration or in-hospital death. Ground glass opacities are considered to represent the
early exudative phase of pneumonia, secondarily progressing to consolidation with intra-
alveolar organization, fibrotic proliferation, and alveolar collapse [26]. Chest CT performed
within the first five days of symptom onset typically demonstrates a ground-glass predom-
inant pattern, followed by increasing consolidative changes for up to 14 days [11,12,27].
Hence, consolidation represents the peak stage of COVID-19 pneumonia with intense
inflammatory changes associating organization pneumonia and alveolar damage, cor-
responding to the phase of infection during which the patients are the most critically
ill [10].

As prior investigators did [28], we showed that the extent of consolidation inde-
pendently predicts adverse outcomes (ICU admission or in-hospital death) with a good
specificity despite a modest sensitivity. Low sensitivity of consolidation is easily explained
as CT assessment was performed at the beginning of hospitalization, at an early stage of
the disease characterized by a CT pattern with predominant ground-glass opacities. Our
reported prognostic values for CT scan-based models (0.68–0.70 AUC) are lower than some
reported in previously published studies (0.75–0.85 AUC) using AI-based quantitative
analysis of CT scans images for prognosis [22–24,28]. We hypothesize this could be due
to the use of differences in outcome definitions and patients’ clinical characteristics (age,
severity at admission, etc.).
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Compared to a radiologist’s reporting with visual quantitative estimation of lesions,
there are several advantages to capturing CT scan information through 3D AI-based soft-
ware. Good reproducibility is a key element for imaging biomarkers, and visual inspection
of images introduces variability that can hinder its clinical application [23]. In addition, AI
analysis of radiologic images reduces the radiologist reading time. Furthermore, as demon-
strated by Lassau et al., prognostic scores obtained with AI analysis are more predictive of
severity than a quantitative visual scoring of disease extent performed by radiologists [22].

In our study, we also showed that CT-derived quantitative lung measures have incre-
mental prognostic value when used in combination with clinical and biological parameters.
It is established that the presence and number of comorbidities predict clinical outcomes in
patients with COVID-19 [1]. Specifically, older age, chronic cardiac or pulmonary disease,
hypertension, diabetes, and chronic kidney disease all confer an increased risk of in-hospital
mortality [9,10]. Surprisingly, in our cohort, the patient age was not predictive of clinical
deterioration or death. Among comorbidities observed in our cohort, only heart disease
and diabetes were associated with a poorer outcome. Hypertension was frequently present
in our hospitalized COVID-19 patients; however, the percentage of patients suffering from
hypertension was not different between those who presented clinical deterioration or died
and those who did not.

Among biological variables, inflammatory biomarkers, C-reactive protein, lactate
dehydrogenase (LDH), procalcitonin levels at admission were shown to associate with a
greater risk of worse clinical course [10,29–33]. In accordance with Lassau et al. [22], we
found an association of clinical severity with increased neutrophils count and neutrophils-
lymphocytes ratio. Few studies have combined clinical and biological data with chest CT
for prognostication in COVID-19 pneumonia [14,21–23]. Like previous investigators, we
demonstrate here that a model integrating AI-based CT scan information and clinical and
biological parameters improves the prognosis performance of the score.

The main limitation of our study is the retrospective design. As a result, some clinical
and biological data were missing. Particularly lactate dehydrogenase and procalcitonin
were measured only in 60% and 47% of our patients, respectively. This explains why we
did not include these biomarkers in our prediction models despite both were significantly
different between patients who experienced deterioration or death compared to those who
did not. Troponin, creatinine kinase, interleukine-6, platelet count, total and conjugated
bilirubin were not uniformly available and thus not included in our risk prediction models.
Furthermore, the repetition of biological parameters during the first hours during the
stay in the emergency department before admission were not performed or considered,
but we know from a study by Solimando et al. short-term increases in the neutrophil-to-
lymphocyte ratio and urea-to-creatinine ratio were independent predictors of the intensive
care unit [34].

Iodinated contrast injection performed in 43% of our patients was also a potential
limitation in our study. Despite there was no significant difference in the percentage
of patients receiving contrast material on CT scan between patients who experienced
deterioration or death and those who did not, this may have induced a change in lung
density measurement within areas of lung infiltration, leading to a change in selecting
areas of high densities treated as consolidation. Finally, the relatively small number of
patients included in the study is also a limitation, but it reflects a monocentric experience
of the COVID-19 epidemic.

5. Conclusions

Quantitative assessment of radiological extent and severity of lung disease using an
automatic 3D AI-based software independently can predict clinical deterioration or death
in COVID-19 pneumonia. Thus, CT-derived quantitative measures could have prognostic
value that may be used in association with clinical and biological independent predictors of
clinical deterioration or death and could be useful for clinical risk stratification in patients
with COVID-19. However, the present study being retrospective, should be completed
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by further prospective investigations including a larger population with an exhaustive
research of comorbidities and completion of all repeated biological examinations.
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