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Background: In December 2022, there was a large Omicron epidemic in
Hangzhou, China. Many people were diagnosed with Omicron pneumonia with
variable symptom severity and outcome. Computed tomography (CT) imaging
has been proven to be an important tool for COVID-19 pneumonia screening and
quantification. We hypothesized that CT-based machine learning algorithms can
predict disease severity and outcome in Omicron pneumonia, and we compared
its performance with the pneumonia severity index (PSl)-related clinical and
biological features.

Methods: Our study included 238 patients with the Omicron variant who have
been admitted to our hospital in China from 15 December 2022 to 16 January
2023 (the first wave after the dynamic zero-COVID strategy stopped). All patients
had a positive real-time polymerase chain reaction (PCR) or lateral flow antigen
test for SARS-CoV-2 after vaccination and no previous SARS-CoV-2 infections.
We recorded patient baseline information pertaining to demographics, comorbid
conditions, vital signs, and available laboratory data. All CT images were processed
with a commercial artificial intelligence (Al) algorithm to obtain the volume and
percentage of consolidation and infiltration related to Omicron pneumonia. The
support vector machine (SVM) model was used to predict the disease severity and
outcome.

Results: The receiver operating characteristic (ROC) area under the curve
(AUC) of the machine learning classifier using PSl-related features was 0.85
(accuracy=8740%, p<0.001) for predicting severity while that using CT-based
features was only 0.70 (accuracy=76.47%, p=0.014). If combined, the AUC was
not increased, showing 0.84 (accuracy=84.03%, p<0.001). Trained on outcome
prediction, the classifier reached the AUC of 0.85 using PSl-related features
(accuracy=85.29%, p<0.001), which was higher than using CT-based features
(AUC=0.67, accuracy=75.21%, p<0.001). If combined, the integrated model
showed a slightly higher AUC of 0.86 (accuracy=86.13%, p<0.001). Oxygen
saturation, IL-6, and CT infiltration showed great importance in both predicting
severity and outcome.

Conclusion: Our study provided a comprehensive analysis and comparison
between baseline chest CT and clinical assessment in disease severity and
outcome prediction in Omicron pneumonia. The predictive model accurately
predicts the severity and outcome of Omicron infection. Oxygen saturation, IL-6,
and infiltration in chest CT were found to be important biomarkers. This approach
has the potential to provide frontline physicians with an objective tool to manage
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Omicron patients more effectively in time-sensitive, stressful, and potentially
resource-constrained environments.

artificial intelligence, COVID-19, machine learning, omicron pneumonia, outcome,

severity

1. Introduction

The coronavirus disease 2019 (COVID-19) is an ongoing
worldwide pandemic. In December 2022, there was a large Omicron
epidemic in Hangzhou, China. Despite signs of possibly lower clinical
severity than Delta (1), the substantial hospitalizations of Omicron
pneumonia had strained the healthcare system in China (2). Notably,
the Omicron variant gathered a high number of mutations (3);
individuals exhibit significant variability in the severity of presentation
and can be re-infected (4, 5). Thus, our understanding of disease
manifestation and progression remains unclear. Accurate stratification
of the disease severity and outcome is highly desired to effectively
handle the pandemic and remains a clinical research priority.

Chest CT is a routine scanning technique for pneumonia, and
it plays an important role in COVID-19 infection diagnostics and
management (6), especially in the early phase of the pandemic (7).
Therefore, CT findings along with clinical and biological
biomarkers have been proposed for the prediction of the staging
and outcome of COVID-19 pneumonia (8-11). However, data on
CT findings of COVID-19 pneumonia originate mainly from early
2020, before the Omicron variants appeared (12). In addition,
recent studies have revealed that Omicron, compared with typical
Delta, had different CT changes not typical for pneumonia (13-
15). As such, the potential of CTs in the Omicron pandemic has
not yet been fully realized. Moreover, although some predictors of
critical illnesses were shared among these studies, there is
currently no consensus as to which clinical variables are most
predictive of severity or the need for escalated care. In short, a
robust prediction model for the Omicron pneumonia severity and
outcome remains lacking.

In this study, we investigated an automatic method (Figure 1) of
the Omicron pneumonia quantification that extracts image features
directly from the CTs and fuses them with known clinical and
biological markers. The goal of this study was 2-fold: First,
we hypothesized that quantitative image features can be used to
predict the severity and clinical outcome of the Omicron pneumonia
patients. Second, we hypothesized that the diagnostic power of the
presented algorithm using image features is equal to the Pneumonia
Severity Index (PSI), serving as the most widely utilized diagnostic
model for predicting the prognosis (16). We aim to build predictive
models for identifying the severity and outcome of Omicron
pneumonia patients at an early stage. Feature importance of both
clinical and imaging variables was analyzed to understand the
association factors for different disease severity and outcomes. Our
goal is to provide early warnings for patients with severe conditions
and/or poor outcomes so that doctors could have time to come up
with appropriate monitoring and intervention procedures to prevent
a worse situation.
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2. Materials and methods

2.1. Patients

Our study included 238 immunocompetent adults with Omicron
pneumonia who have been admitted to our hospital in Hangzhou,
China, from 15 December 2022 to 16 January 2023. The inclusion
criterion was a positive real-time polymerase chain reaction (PCR) or
lateral flow antigen test for SARS-CoV-2 after vaccination and no
previous SARS-CoV-2 infections. All patients underwent initial
laboratory tests and chest CTs. Patients with artifacts and low-quality
CTs (incompletely imaged lungs) were excluded.

Omicron pneumonia was clinically classified into non-severe and
severe diseases (dyspnea, respiratory frequency over 30/min, oxygen
saturation less than 93%, respiratory failure, septic shock, and/or
multi-organ dysfunction/failure) (17, 18). The demographic, CT, and
clinical characteristics of the patients are presented in Table 1. A
binary short clinical outcome was defined as recovered (decreased)
and non-recovered (in-hospital death, intubated, and intensive care
unit-ICU admission) (19). A total of 238 patients were included, out
of which 181 (76.05%) patients had non-severe pneumonia and 57
(23.95%) patients had severe pneumonia, including 146 hospitalization
status (61.34%), 57 ICU admissions (23.95%), 34 intubated (14.29%),
and 10 death (4.20%) cases. Altogether, our cohort contained a wide
range of clinical presentations of Omicron infection with
different outcomes.

We reviewed patients’ electronic medical records to obtain
information pertaining to their demographics (age, gender), comorbid
conditions (such as neoplastic diseases, liver diseases, cardiovascular
diseases, chronic heart disease, and renal diseases) (16), baseline vital
signs (body temperature, pulse, respiratory rate, and systolic pressure),
and baseline laboratory data (including white blood cell count-WBC,
C-reactive protein-CRP, blood urea nitrogen-BUN, glucose, sodium,
hematocrit, interleukin-6-IL-6, artery pondus hydrogenii-PH, partial
pressure of arterial oxygen, and oxygen saturation). We calculated the
comorbidity as the score=5*(0/1, no=0, yes=1) as previous studies
did (20). Details are presented for further consideration in Table 2.
This retrospective study was approved by the ethics committee of the
Second Affiliated Hospital of Zhejiang University, School of Medicine.

2.2. CT image acquisitions

The non-enhanced CT scans were performed using standard
clinical parameters with axial 1.5 mm section thickness. All datasets
were inspected for quality and excluded in case of incompletely
imaged lungs or severe motion artifacts. In detail, the images were
acquired on the following scanners: 40 slice scanner (SOMATOM
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FIGURE 1

segmentation (blue area).

Examples of lesion segmentation by the Al system. Left (A), (C), (E): original images; right (B), (D), (F): pulmonary lobes (colored lines) and opacities

Definition AS) with 120kV, 65-110 mAs, 1.5 mm slice reconstruction;
64 slice scanner (Philips Brilliance 64) with 120kV, 160 mAs, 1.5mm
slice reconstruction; and 40 slice scanner (United Imaging uCT 530)
with 120kV, 40-130 mAs, and 1.5 mm slice reconstruction.

2.3. CT image evaluations

DICOM images of all chest CTs were imported into a commercial
pneumonia Al algorithm (Beijing Deepwise & League of PhD
Technology Co.Ltd). The algorithm provides the volume and
percentage of consolidation and infiltration area with Omicron-
related findings. The processing time per CT was 30-60s. The AI deep
learning system: Pytorch 1.1.0, Python 2.7. Operating system: Ubuntu
16.04, Linux. Hardware: Nividia 1080Ti.

The Al algorithm (Supplementary Figure S2) is a deep learning-
based model which was built on top of deep convolutional neural
networks and proved the performance by previous studies of
COVID-19 (21-23). Three major modules were designed to ensure
the final accuracy of this system, i.e., pneumonia lesion detection,
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pneumonia lesion segmentation, and lung lobe segmentation. First,
an MVP-Net (24) inspired method was used to detect bounding boxes
of pneumonia findings. Channel-wise attention mechanism and
multiple inputs (different window centers and window widths) were
applied to explore the spatial context of pneumonia, in order to
promise the detected sensitivity and multiple symptom classifiers were
trained to discriminate consolidation, infiltration, nodules, and so
forth. Pneumonia lesions (Figure 1), i.e., voxels that contained
pneumonia, were extracted by 3D U-Net (25). Finally, an anatomical
prior embedded network was trained to partition the lung into five
pulmonary lobes (26).

2.4. Features

The PSI-related features contain age, gender, comorbidity,
baseline vital signs (body temperature, pulse, respiratory rate, and
systolic pressure), and baseline laboratory data (including blood
urea nitrogen-BUN, glucose, sodium, hematocrit, artery pondus
hydrogenii-PH, partial pressure of arterial oxygen, and oxygen
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TABLE 1 Baseline demographic, clinical, and radiological characteristics of adults with radiographic evidence of omicron pneumonia.

Baseline characteristics All (n =238) Non severe Severe pneumonia

pneumonia (n =181) (n =57)
Clinical parameters
Age-years (Mean + SD) 71.84+14.11 69.47 +£14.32 79.37+10.38 <0.001
Gender (Male/Female) 153/85 113/68 40/17 0.287
Duration from illness onset to hospital presentation-days
Median 7 7 7 0.640
Interquartile range 4-8.75 5-8 4-10
Any underlying condition-no. (%)
Neoplastic disease 31(13.03) 22 (12.15) 9 (15.79) 0.477
Liver disease 29 (12.18) 25 (13.81) 4(7.02) 0.171
Chronic heart disease 28 (11.76) 21 (11.60) 7 (12.28) 0.890
Cerebrovascular disease 137 (57.56) 100 (55.25) 37 (62.91) 0.198
Renal disease 37 (15.55) 22 (12.15) 15 (26.32) 0.010
Initial presenting symptoms-no. (%)
Fever 158 (66.39) 119 (65.74) 39 (68.42) 0.709
Cough 157 (65.97) 119 (65.74) 38 (66.67) 0.898
Chest tightness/pain 76 (31.93) 56 (30.94) 20 (35.09) 0.558
Sputum 72 (30.25) 53(29.28) 19 (33.33) 0.561
Shortness of breath 53 (22.27) 38 (20.99) 15 (26.32) 0.400
Fatigue/weakness 27 (11.34) 18 (9.94) 9 (15.79) 0.225
Anorexia 17 (7.14) 13 (7.18) 4(7.02) 0.966
Myalgia 13 (5.46) 7(3.87) 6(10.52) 0.054
Sore throat 12 (5.04) 8(4.42) 4(7.02) 0.434
Altered mental status 7 (2.94) 3 (1.66) 4(7.02) 0.037
Time from illness onset to CT-days
Median 7 7 7 0.776
Interquartile range 5-10 5-10 4-10
CT findings-no. (%)
Consolidation 234 (98.32) 177 (97.79) 57 (100) 0.822
Alveolar or interstitial infiltration 167 (70.17) 132 (72.93) 35 (61.40) 0.097
Pleural effusion 89 (37.39) 54 (29.83) 35 (61.40) <0.001
Pneumonia severity index
Median 94 87 112 <0.001
Interquartile range 39.5 35 26
Risk class-no. (%)
1-3 107 (44.96) 97 (53.59) 10 (17.54) <0.001
4 105 (44.12) 69 (38.12) 36 (63.16)
5 26 (10.92) 15(8.29) 11 (19.30)

SD: standard deviation, no.: number, comparison of baseline demographic, clinical, and radiological characteristics between the Omicron non-severe pneumonia and severe pneumonia. PST
risk class (no. of points): 1, 2 (<70), 3 (71-90), 4 (91-130) and 5 (>130) (16).

saturation) (16). CT-based features contain consolidation volume,

consolidation percentage, infiltration volume, infiltration
percentage, total lesion volume, total lesion percentage, and pleural
effusion (21-23). Integration features contain baseline laboratory
data (including WBC, CRP, and IL-6), all CT-based features, and

PSI-related features.
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2.5. Support vector machine classification

After extracting the desired information from the raw data, a
classifier is designed and developed to categorize the severity and
outcome of Omicron pneumonia. We applied the support vector
machine (SVM) classification (linear kernel was used), a superior
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TABLE 2 Summary of assessed vital signs and lab variables for predicting the need for severity and outcome in omicron pneumonia patients.

Baseline characteristics All (n =238) Non severe Severe pneumonia

pneumonia (n =181) (n =57)
Vital signs (Mean +SD)
Pulse (beats/min) 84.57 +13.91 85.01 +13.96 83.18 +13.78 0.386
Respiratory rate (breaths/min) 18.46 + 1.60 18.36 + 1.48 18.75 £ 1.91 0.108
Systolic BP (mmHg) 134.76 £ 18.95 134.03 +£18.13 137.05 + 21.36 0.338
Temperature (°C) 37.23+£0.76 37.22£0.76 37.28 £0.76 0.598
Laboratory data (Mean + SD)
BUN (mmol/L) 7.92+581 7.51 +6.04 9.24 +4.81 0.049
Sodium (mmol/L) 138.05 +4.99 138.03 + 4.60 138.10 £ 6.14 0.935
Glucose (mmol/L) 7.68 £3.12 7.45+2.92 8.41 £ 3.63 0.071
Hematocrit (%) 36.60 + 5.30 37.08 +4.94 3510+6.11 0.014
Artery PH 7.41 £0.05 7.41 £0.04 7.39 £ 0.08 0.118
Partial pressure of arterial oxygen 90.05 + 25.26 94.43 +22.45 76.14 + 28.08 <0.001
(mmHg)
Oxygen saturation (%) 96.04 £ 4.31 97.32 + 1.42 92.01 £7.09 <0.001
CRP (mg/L) 50.33 + 50.80 45.31 +£47.92 66.28 + 56.58 0.006
Total WBC (10°/L) 6.35 + 5.54 6.38 +£5.34 6.27 £6.17 0.895
IL-6 (pg/mL) 66.44 + 347 26.98 + 82.20 191.76 + 685.21 0.075

SD, standard deviation; BUN, blood urea nitrogen; PH, pondus hydrogenii; CRP, C-reactive protein; WBC, white blood cell count; IL, interleukin.

method for binary classification, based on these imaging or/and
clinical features in Matlab (Mathworks Matlab ver9.2 R2017a,
operating system: Microsoft Windows 10.0). The classification
problem under consideration discriminates among two mutually
exclusive classes (severe or non-severe) (good outcome or poor
outcome). Nested 10-fold cross-validation was used in the analysis of
the model. A stratified k-fold method was used to divide the data into
10 outer folders, and each outer folder was further subdivided into five
inner folders to select the optimal hyperparameter for better training
(a grid-search method was used). The predictive performance of each
model was examined using accuracy, sensitivity, specificity, and the
area under the receiver operating characteristic curve (AUC).
We evaluated how well an individual feature contributed to the
diagnosis and prognosis prediction, and then, all candidate features
were ranked based on their relative importance values. The equation
for the relative importance of features is as follows:

m
W=D i
=1

Statistical significance was evaluated at p=0.05 (permutation test
for 1,000 times). We used the SVM algorithms implemented by the
Libsvm team (Chih-Chung Chang, Chih-Jen Lin. LIBSVM, a library
for support vector machines. 2001). The SVM classifier is available at
http://www.csie.ntu.edu.tw/~cjlin/libsvim. Moreover, we provide the
packages used for SVM in Supplementary material S1. A conceptual
overview of the proposed machine learning approach is presented in
Figure 2.
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2.6. Statistical analyses

Independent ¢-test and chi-square test were used to analyze the
quantitative and categorical variables, respectively. IBM SPSS version
19.0 was used to perform all statistical analyses. A two-tailed value of
p of less than 0.05 was considered to be statistically significant
(corrected for multiple comparisons with Bonferroni).

3. Results
3.1. Patients

Our study included CT images of 238 patients with Omicron
pneumonia. Fever is the most commonly reported finding in 66.39%
of our patients (65.74% non-severe vs. 68.42% severe), but fever alone
does not distinguish the severity. Altered mental status had been
emerged as an initial symptom in some of our cases (1.66% non-severe
vs. 7.02% severe), which was associated with severe pneumonia
(p=0.037). Chest CT findings include consolidation, infiltration, or/
and pleural effusions.

A total of 181 (76.05%) patients had non-severe pneumonia and
57 (23.95%) patients had severe pneumonia. Patients with severe
Omicron pneumonia had a significantly higher age (p <0.001), higher
blood urea nitrogen (p=0.049), higher CRP (p=0.006), lower
hematocrit (p=0.014), lower partial pressure of arterial oxygen
(p<0.001), lower oxygen saturation (p<0.001), higher CT
consolidation volume (p=0.003), higher consolidation percentage
(p<0.001), higher infiltration percentage (p=0.031), higher total
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FIGURE 2
A conceptual overview of the proposed machine learning approach for Omicron pneumonia severity and outcome prediction showing the major
processing steps: CT-based image acquisition and segmentation, feature extraction, and statistical learning (SVM). ROC, receiver operating
characteristic; AUC, area under the curve; ACC, accuracy; SEN, sensitivity; SPE, specificity.

lesion volume (p=0.001), higher total lesion percentage (p <0.001),
and more cases with pleural effusion (p<0.001).

In total, 178 patients (74.79%) had a good outcome and 60
patients (25.21%) had a poor outcome. Patients with poor outcomes
had a significantly higher age (p=0.009), higher blood glucose
(p<0.001), higher CRP (p=0.002), lower oxygen saturation
(p=0.018), and more cases with pleural effusion (p=0.001). The
assessed baseline variables including CT features for prediction of
severity and outcome are presented in Tables 3, 4.

3.2. Imaging-based severity prediction

We conducted predictive modeling of Omicron pneumonia
diagnosis using the described data. We evaluated and compared the
performance of the Imaging-based model, PSI-based model, and
integration model. The PSI-based model reached a ROC AUC of 0.85
sensitivity =94.48%,  specificity=71.93%,
p<0.001), which was higher than the purely imaging-based classifier
with ROC AUC of 0.70 (accuracy=76.47%, sensitivity=56.91%,
specificity=71.93%, p=0.014). If combined, the integrated model
showed an equivalent ROC AUC of 0.84 (accuracy==84.03%,
sensitivity =78.45%, specificity =82.46%, p<0.001). The predictive
performance of each of the three models and the five most important

(accuracy=87.40%,

features are presented in Figure 3. For the prediction of severity, the
PSI-related features and integrated features had excellent performance.
Oxygen saturation, IL-6, and CT infiltration percentage were very
important biomarkers. Metrics for the different models studied are
presented in Table 5.

3.3. Imaging-based outcome prediction

Next, we used this SVM model to stratify the outcomes of patients.
The imaging-based model reached a ROC AUC of 0.67
(accuracy=75.21%,  sensitivity=75.03%,  specificity =63.33%,
p<0.001), which was lower than the PSI-based classifier with ROC
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AUC of 0.85 (accuracy=85.29%, sensitivity = 94.48%,
specificity=71.93%, p<0.001). If combined, the integrated model
showed a slightly higher ROC AUC of 0.86 (accuracy==86.13%,
sensitivity =89.89%, specificity=75.00%, p <0.001). The predictive
performance of each of the three models and the five most important
features are presented in Figure 4. The results found that the three
classifiers efficiently predicted good and poor outcomes. IL-6, oxygen
saturation, and CT infiltration percentage were very important
biomarkers. Metrics for the different models studied are presented in
Table 5.

4. Discussion

In this study, we used an SVM machine learning model to predict
the severity and outcome of Omicron pneumonia in the first-month
breakout after the dynamic zero-COVID strategy was stopped in
Hangzhou, China. The features we chose were inspected across the
recent COVID-19 literature, finding that most of them have been
reported as potential markers of diagnosis and prognosis (27).
PSI-related clinical and demographic data were more adequate to
differentiate between severe and non-severe diseases. Furthermore,
PSI-based model and the integrated model showed a relatively efficient
performance to predict the outcome, which had better performance
than the CT-based model. In baseline evaluation, Omicron pneumonia
patients with high levels of IL-6, low levels of oxygen saturation, and
greater CT lung infiltration should be monitored closely to minimize
the risk of progression to severe conditions/poor outcomes. The
results of this study suggest that the value of early CT imaging for
predicting the Omicron disease severity and outcome was limited.
Similar to other COVID-19 infections, the Omicron patient’s overall
clinical condition should be considered more carefully when deciding
whether to offer a chest CT scan (28).

In our cohort, most of the cases were infected via domestic
transmission. Fever is the most commonly reported finding in our
patients, but the absence of fever is inadequate for screening or
treatment decisions. Neither cough, chest tightness, dyspnea nor other
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TABLE 3 Summary of assessed variables for prediction of non-severe
versus severe omicron pneumonia in patients.

TABLE 4 Summary of assessed variables for prediction of good versus
poor outcomes from omicron pneumonia in patients.

Non severe Severe p value Good Poor p value
pneumonia pneumonia outcome outcome
(n =181) (n =57) (n =178) (n =60)

Age-years 69.47 £ 14.32 79.37 £ 10.38 <0.001 Age-years 70.46 + 14.53 7593 +11.98 0.009
(Mean +SD) (Mean +SD)
Gender 113/68 40/17 0.287 Gender 112/66 41/19 0.449
(Male/Female) (Male/Female)
Comorbidity 1.18 £ 0.91 1.14 £ 0.99 0.796 Comorbidity 1.17£ 091 1.15+£0.97 0.862
Pulse (beats/min) 85.01 £13.96 83.18 £ 13.78 0.386 Pulse (beats/min) 83.43 +12.93 87.95 +16.12 0.052
Respiratory rate 18.36 + 1.48 18.75+ 1.91 0.108 Respiratory rate 18.44 + 1.61 18.52 + 1.57 0.743
(breaths/min) (breaths/min)
Systolic BP 134.03 +18.13 137.05 £ 21.36 0.338 Systolic BP 13444 +17.41 135.68 + 23.07 0.704
(mmHg) (mmHg)
Temperature (°C) 37.22+0.76 37.28+0.76 0.598 Temperature (°C) 37.23+0.78 37.23+0.71 0.992
BUN (mmol/L) 7.51 £6.04 9.24 + 481 0.049 BUN (mmol/L) 7.79 +£5.98 8.32+5.29 0.539
Sodium 138.03 + 4.60 138.10 + 6.14 0.935 Sodium (mmol/L) 138.11 £ 4.70 137.85 +5.82 0.727
(mmol/L) Glucose (mmol/L) 7.15 +2.61 9.23+3.93 <0.001
Glucose 745292 8.41£3.63 0.071 Hematocrit (%) 36.90 + 4.97 3572 £6.14 0.138
(mmol/L)

Artery PH 7.41 +0.04 7.40 £ 0.07 0.495
Hematocrit (%) 37.08 £4.94 3510+ 6.11 0.014

Partial pressure of 90.65 +22.15 88.28 + 32.99 0.606
Artery PH 7.41 +£0.04 7.39£0.08 0.118 arterial oxygen
Partial pressure 94.43 +22.45 76.14 + 28.08 <0.001 (mmHg)
of arterial oxygen Oxygen saturation 96.43 + 427 94.90 + 424 0.018
(mmHg) (%)
Oxygen 97.32£1.42 92.01 +7.09 <0.001 CRP (mg/L) 44.43 + 4778 67.83 + 55.69 0.002
saturation (%) )

Total WBC (10°/L) 6.35+6.08 6.36 £3.51 0.984
CRP (mg/L) 45.31 £47.92 66.28 + 56.58 0.006

IL-6 (pg/mL) 22.90 £ 64.74 195.62 + 671.52 0.051
Total WBC 6.38 £5.34 6.27 +6.17 0.895

Al CT-based features
(10°/L)

Consolidation 361.06 + 448.37 453.28 * 449.61 0.170
IL-6 (pg/mL) 26.98 £ 82.20 191.76 + 685.21 0.075

volume (cm?)
Al CT-based features .

Consolidation 13.51 + 14.81 17.13 + 14.26 0.101
Consolidation 328.87 £414.73 560.30 + 510.78 0.003 percentage (%)
volume (cm?) .

Infiltration volume 63.50 + 263.56 45.61 +207.36 0.633
Consolidation 12.55 + 13.58 20.36 + 16.67 <0.001 (cm?)
percentage (%) .

Infiltration 2.22+743 1.96 + 6.81 0.813
Infiltration 41.04 +211.83 115.99 + 341.36 0122 percentage (%)
volume (cm?) .

Total lesion 424.53 + 524.50 498.89 + 509.24 0.340
Infiltration 130 +4.81 485+ 11.80 0.031 volume (cm’)
percentage (%) .

Total lesion 15.71 £ 15.86 19.07 £ 15.24 0.153
Total lesion 369.89 + 455.74 676.30 + 637.88 0.001 percentage (%)
volume (cm?®) .

Pleural effusion 56/122 33/27 0.001
Total lesion 13.83 + 14.06 25.19 £ 17.70 <0.001 (Y/N)

t %

percentage (%) SD, standard deviation; BUN, blood urea nitrogen; PH, pondus hydrogenii; CRP, C-reactive
Pleural effusion 54/127 35/22 <0.001 protein; WBC, white blood cell count; IL, interleukin. Percentage: lesion volume/total lung
(Y/N) volume, Y/N: present or absent.

SD, standard deviation; BUN, blood urea nitrogen; PH, pondus hydrogenii; CRP, C-reactive
protein; WBC, white blood cell count; IL, interleukin. Percentage: lesion volume/total lung
volume, Y/N: present or absent.

patients (16). A higher PSI score indicates a worse condition and a
greater risk of poor outcomes. Studies have shown that PSI was a
useful tool to discriminate between survivors and non-survivors of
COVID-19 pneumonia (29, 30). In our results, the PSI-based model
showed an excellent performance to classify the severity of patients

symptoms. PSI is the most commonly used comprehensive index to
assess the severity and prognosis of community-acquired pneumonia
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The model performances in the prediction of severity of Omicron pneumonia and the five most important features in the three severity prediction
tasks. The first row presented ROC curves for predicting the severity of models based on different data types. (A) indicated that PSI-based models for
predicting severity achieved the highest AUC (0.8549). (B) imaging-based model. (C) integration model. (D—F) showed the five most important features
and their relative importance.

Relative feature importance

TABLE 5 Metrics for the different models studied.

Mean+SD Accuracy Sensitivity Specificity
Severity prediction

PSI based model 0.85+0.10 0.87 £0.05 0.94 +£0.10 0.72 +£0.14
Imaging based model 0.70 £0.17 0.76 +0.07 0.57 £0.15 0.72 £0.20
Integrated model 0.84 +£0.14 0.84 +0.06 0.78 +£0.14 0.82 +0.16
Outcome prediction

PSI based model 0.87 £0.10 0.85+0.05 0.95+0.10 0.72 +£0.14
Imaging based model 0.67 £0.17 0.76 +0.07 0.73 £0.15 0.63 +0.20
Integrated model 0.84 +£0.14 0.84 £ 0.06 0.78 £ 0.14 0.82+0.16

SD, standard deviation.

with Omicron pneumonia. PSI-based features, especially oxygen
saturation, hematocrit, and partial pressure of arterial oxygen were the
three most important factors affecting the severity. During the clinical
observation, individuals with oxygen saturation levels of less than 93%
and respiratory rate of more than 30 per minute should be considered
severe COVID-19 conditions (17, 18). Lower oxygen saturation and
respiratory distress can progress to critical illness with hypoxic
respiratory failure requiring prolonged ventilatory support.
Researchers further observed basal oxygen saturation and partial
pressure of arterial oxygen could predict unfavorable evolution in
pneumonia (31-34). Similarly, Low levels of hematocrit during
admission have been associated with poor prognosis and severe
disease (35). Hematocrit is a marker that is strongly correlated with
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blood hyperviscosity, thrombotic complications, and higher mortality
in COVID-19 patients (36). This evidence supports our results that
oxygen saturation, hematocrit, and partial pressure of arterial oxygen
could be examined as a diagnostic tool in screening for severe
Omicron pneumonia.

In our Omicron pneumonia cases, ground-glass opacities
(infiltration, 167/238 cases, 70.17%), consolidation (234/238 cases,
98.32%) with ill-defined margins, and air bronchograms, with or
without pleural effusions (89/238 cases, 37.39%) were present. As per
published studies, the percentages of the occurrence of these
manifestations vary widely (6). Most of our patients had multiple
lesions. However, “White lung” was not found even in severe patients.
This may be due to the relatively short time interval between symptom
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onset and the CT scan (median 7 days, IQR 4-10days) (6). The CT
lesions frequently presented in the bilateral, peripheral, and posterior
distribution. These findings were non-specific and overlapped with
other infections, thus, the diagnostic specificity of chest CT imaging
for COVID-19 is limited (37, 38).

In line with this, from our machine learning models, the CT
imaging-based model had only acceptable discriminatory power in
predicting disease severity and outcome. Recently, advancements have
been made in using Al in the diagnostic imaging field of COVID-19
pneumonia (39-41). Hou et al. developed and compared different
machine learning algorithms to predict the likelihood of ICU
admission and mortality in COVID-19 patients. Similar to our results,
they found that SpO, was the top predictor of mortality and ICU
admission (42). Gao et al. built a mortality prediction model for
COVID-19 using clinical information in EHRs on admission. The
top-weighted features were D-dimer, SpO,, and respiratory rate (43).
Although some of the predictors of outcome were shared among these
and our studies, there is currently no consensus as to which clinical
variables are most predictive of poor outcomes. These differences in
findings could be due to different outcome measures, patient cohorts,
different hospital environments, and analysis methods employed,
among other factors. Recently, the prediction and detection of the
Omicron variant brought new issues for researchers. However, for
predicting Omicron disease severity and outcome, limited results have
been published (Table 6). Gupta et al. (44) combined an Extended
Convolutional Neural Network (ECNN) and an Extended Recurrent
Neural Network (ERNN) to accurately predict Omicron virus-infected
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cases automatically using chest CT-scan images. Xu et al. (47)
developed an ML model to predict the probability of 7-day and 14-day
recovery from the Omicron infection. The results remain inconsistent
and controversial, with some reporting a good correlation of CT
abnormalities with these clinical outcomes while others did not. Our
study confirmed the negative prognostic role played in Omicron
pneumonia patients by some of the chest CT and clinical features.
However, our study of Omicron pneumonia differed from previous
studies in several ways. We employed the SVM model, in contrast to
the majority of previous studies, which used logistic regression. Our
models identified imaging and clinical predictors that accurately
predicted both severity and outcome. We also compared PSI-based
and imaging-based model performances. Our study included
Omicron pneumonia patients and is among the few studies that
described a patient cohort in Hangzhou, China.

Furthermore, in the integrated models, CT imaging features were
important factors for predicting disease severity and outcome of
Omicron pneumonia (Figures 3F, 4F). These findings were consistent
with previous studies. For instance, Gonzalez et al. (51) found that the
lung damage on chest CT scans in severe COVID-19 patients
increased significantly, indicating their length of invasive mechanical
ventilation during the ICU stays. Chassagnon et al. (8) revealed that
imaging biomarkers could predict outcome of the COVID-19 patients
using automatic deep learning. According to these findings, a more
severe lung injury revealed by CT is associated with more severe
conditions and poorer outcomes in COVID-19 patients. Researchers
suggest that associations between CT lung injury and inflammatory
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TABLE 6 Comparing prediction performance from various studies that used non-invasive measures.

10.3389/fmed.2023.1192376

Paper Models Patient cohort Predicted disease Performance evaluation
Gao etal. (43) LR, SVM, GBDT, NN COVID-19, Wuhan, China Mortality risk AUC=0.9621, 0.9760, 0.9246

Hou et al. (42) RE, Xgboost, SVM, NN COVID-19, New York Mortality, ICU admission AUC=0.89,0.79

Gupta et al. (44) ECNN, ERNN Omicron, Kaggle and UCI Omicron infection AUC=0.9880

dataset

Kim et al. (45)

Multivariable logistic

regression

Delta and Omicron, South

Korean

Clinical course

Correlation p =0.02

Bao et al. (46)

Multivariate regression

Omicron, Shanghai, China

Mortality

Correlation p <0.05

Xu et al. (47)

DT, SVM, RE, AdaBoost,

Omicron, Shanghai, China

Duration of recovery

AUC=0.8975, 0.9353

SMOTEENN
Jayachandran et al. (48) The Kaplan-Meier method Omicron, Kerala, India Mortality Correlation p <0.05
Ebell et al. (49) Logistic regression Omicron outpatient, Hospitalization risk AUC=0.85-0.87
Allentown, PA
Zhu et al. (50) Multivariate regression, ROC Omicron, Nanjing, China Pneumonia AUC=0.701

curve analyses

LR, logistic regression; SVM, support vector machine; GBDT, gradient boosted decision tree; NN, neural network; RF, random forest; ECNN, extended convolutional neural network; ERNN,

extended recurrent neural network; ROC, receiver operating characteristic; DT, decision tree.

burden might help to justify this problem (52). Another explanation
may be that, in the previous studies, there is an inverse relationship
between CT lung injury and oxygen saturation (hypoxia) (31), which
has notable prognostic implications. Yazdi et al. (53) identified that
baseline laboratory tests, such as CRP, WBC, and oxygen saturation,
can predict the CT severity of lung involvement. Although further
validation is needed, we propose that these markers are individually
associated, but not only specific to COVID-19; however, when these
markers are combined, they allow describing some of the processes
altered in COVID-19 such as an unregulated immune response, an
inflammation burden, and tissue hypoxia.

However, although initial evidence is promising, clinical studies of
the usefulness of CT imaging in routine screening and management of
patients with COVID-19 are still awaited (54). Reviewers found that
chest CT had a clinical utility that was limited, particularly for patients
who show no symptoms and patients who are screened early in disease
progression (55). CT scan was not indicated in a patient who had mild
clinical features unless they are at risk for COVID-19 disease progression
(56). The limited role of CT in our study may be due to the following
reasons: First, our biased patient cohorts only consist of patients with
CT-confirmed Omicron pneumonia. Data on CT findings of COVID-19
pneumonia originate mainly from early 2020 before the Omicron
variants appeared (12). Recent studies have revealed that Omicron,
compared with typical Delta, had different CT abnormalities (13-15).
Omicron CT features were non-specific and overlapped with other
infections, so the diagnostic value of chest CT imaging is limited (38).
Second, we only include baseline CT images for assessment. Therapeutic
strategies for patients were not considered in this study. We speculate that
multiple images during treatment instead of a single image could indicate
further progression of the disease. Our study is not generalizable to a
wider population of individuals infected with SARS-CoV-2.

The multi-organ injury was common in our Omicron
pneumonia patients (Table 1). Researchers found that the history of
comorbidities was significantly different between the non-survivor
and survivor groups in COVID-19 patients (57). They have shown
a higher proportion of patients with comorbidities in the
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non-survivor group (57, 58) and those with more severe diseases
(59). Jietal. (20) found that COVID-19 patients with comorbidities
were more likely to progress to severe disease than those without
comorbidities. Shen et al. (60) found that mortality was significantly
associated with comorbidities (e.g., hypertension, COPD, coronary
artery disease, heart failure, and chronic kidney disease) in
COVID-19 patients (p <0.05). Some studies found that comorbidity
at presentation was an independent high-risk factor for COVID-19
progression and mortality (20, 61). We tried binary logistic
regression analysis for prediction, and we found that comorbidity
was associated with disease severity [OR (95% CI) =2.778
(1.367 ~5.645), p=0.005] and outcome [OR (95% CI) =2.628
(1.338~5.161), p=0.005], which meant that patients with
comorbidities were more likely to progress to severe disease and
poor outcome than those without. However, comorbidity did not
rank high in our cohort relative to other variables (Figures 2, 3),
likely because of the small sample sizes or that the clinical variables
were indeed more predictive. Notably, previous studies did not
directly compare comorbidities and other clinical variables, and
thus it is not known or not well established whether comorbidities
are more predictive of severity and outcome relative to other clinical
variables. Further studies are warranted.

Several limitations deserve comment. First, the sample size was
limited due to restrictions during the first-month epidemic wave. Some
patients, especially in the outpatient clinic, had incomplete baseline
clinical and laboratory data. Second, our study was a retrospective
prediction of patients with known outcomes. We minimized bias by
ensuring that the investigators processing the laboratory tests or baseline
CTs automated Al algorithm were not aware of the patient outcomes
before completing the data collection and image analyses. An expansion
of sample size in a prospective study design would certainly contribute
to further improving the generalizability of our results. Third, we only
use one classifier algorithm. As there is no one-fits-all machine learning
algorithm, different classifiers result in different performances. Future
studies should focus on evaluating different algorithms and comparing
their performance. The final limitation was the missing long-term data
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(e.g., the outcome at 90 days) as it might offer additional information but
was not available for this study.

5. Conclusion

Our study provided a comprehensive analysis and comparison
between baseline chest CT and clinical assessment in disease severity
and outcome prediction in Omicron pneumonia. The predictive
model accurately predicts the severity and outcome of Omicron
infection. Oxygen saturation, IL-6, and infiltration in chest CT were
found to be important biomarkers. This approach has the potential to
provide frontline physicians with an objective tool to manage Omicron
patients more effectively in time-sensitive, stressful, and potentially
resource-constrained environments.
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