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Purpose: To determine the performance of a chest radiograph (CXR) severity scoring system
combined with clinical and laboratory data in predicting the outcome of COVID-19 patients.
Materials and Methods: We retrospectively enrolled 301 patients who had reverse transcrip-
tase-polymerase chain reaction (RT-PCR) positive results for COVID-19. CXRs, clinical and
laboratory data were collected. A CXR severity scoring system based on a qualitative evaluation
by two expert thoracic radiologists was defined. Based on the clinical outcome, the patients were
divided into two classes: moderate/mild (patients who did not die or were not intubated) and
severe (patients who were intubated and/or died). ROC curve analysis was applied to identify the
cut-off point maximizing the Youden index in the prediction of the outcome. Clinical and
laboratory data were analyzed through Boruta and Random Forest classifiers.

Results: The agreement between the two radiologist scores was substantial (kappa = 0.76).
A radiological score >9 predicted a severe class: sensitivity = 0.67, specificity = 0.58,
accuracy = 0.61, PPV = 0.40, NPV = 0.81, F1 score = 0.50, AUC = 0.65. Such performance
was improved to sensitivity = 0.80, specificity = 0.86, accuracy = 0.84, PPV = 0.73, NPV =
0.90, F1 score = 0.76, AUC= 0.82, combining two clinical variables (oxygen saturation
[SpO2]), the ratio of arterial oxygen partial pressure to fractional inspired oxygen [P/F ratio]
and three laboratory test results (C-reactive protein, lymphocytes [%], hemoglobin).
Conclusion: Our CXR severity score assigned by the two radiologists, who read the CXRs
combined with some specific clinical data and laboratory results, has the potential role in
predicting the outcome of COVID-19 patients.

Keywords: radiography, thoracic, COVID-19, artificial intelligence, prognosis

Introduction

Coronavirus disease 2019 (COVID-19), caused by the novel severe acute respira-
tory syndrome coronavirus 2 (SARS-CoV-2), emerged in Wuhan, China, in
December 2019 and quickly became a pandemic.' As of February 16, 2021,
World Health Organization (WHO) data reported 2,729,223 confirmed cases in
Ttaly, with 93,835 deaths.” The Fleischner Society presented three different scenar-
ios and an algorithm for a recommendation on the use of chest imaging that
included computed tomography (CT) and/or chest radiography (CXR), to direct
patient management during the COVID-19 pandemic. Ultimately, the choice of
imaging modality is left to the judgement of clinical teams at the point of care,
accounting for the differing attributes of chest radiography and CT, local resources,
and expertise.” CXR is not sensitive to mild or early COVID-19 infection,* but the
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greater sensitivity of CT for early pneumonic changes is
partially reduced by the huge burden placed on radiology
departments in terms of staff commitment, CT room work-
flow and disinfection procedures.®* Therefore, many
Italian hospitals decided to employ CXR as a first-line
triage tool. In addition, CXR provided faster results com-
pared to reverse transcriptase polymerase-chain reaction
(RT-PCR), which is the current commonly utilized detec-
tion method for COVID-19.+°

CXR has been widely used and it is still performed as
the primary imaging modality for large-scale screening
and clinical management of COVID-19 patients. CXR, in
a single anteroposterior projection, was routinely obtained
and it is still done in the emergency department (ED) for
patients presenting with dyspnea and/or fever and a high
pre-test probability of COVID-19 (based upon individual’s
exposure risk), alongside the initial RT-PCR testing.
Moreover, recent studies examined the utility of initial
CXR on predicting clinical outcome.*” "' These studies
correlated the presence and the extension of opacities on
initial CXR with the need for hospitalization and/or for
intubation.

In this worldwide health crisis, Artificial Intelligence
(AI) has been considered as a useful tool to identify early
COVID-19 infections and to monitor the condition of the
infected patients.'>'* The literature provides several
examples of Al-based methodologies designed to help
clinicians and radiologists to pick up the most important
information from a lot of clinical, laboratory and radiolo-
gical features.”'>'® The aim of our study was to explore
the relationship between a qualitative CXR severity scor-
ing system and clinical, laboratory findings of COVID-19
patients at admission, as well as to determine their com-
bined performances in predicting the outcome of these
with the support of dedicated Al-based
techniques.

patients

Materials and Methods
Patient Population and Clinical Data

Collection

We retrospectively enrolled 301 patients that were referred
to the ED of an urban multicenter health system, from
March 6th to April 9th, with RT-PCR positive result for
COVID-19 confirmation. This retrospective study was
accepted by the Ethics Committee of our Institution,
Foundation IRCCS Ca’ Granda Maggiore Policlinico
Hospital which also waived the requirement for informed

patient consent, for its retrospective nature. This retro-
spective study was conducted in accordance with the prin-
ciples of the Declaration of Helsinki. The institutional
review board approved the study according to General
Data Protection Regulation (GDPR).

All these patients underwent a CXR at admission in the
ED. We registered age, gender, past medical history, clinical
findings, comorbidities, laboratory test results, and length
from symptom onset to presentation. Temperature and body
mass index (BMI) were also collected. Fever was defined by
temperature >99.5° F while obesity was indicated by a BMI
> 30 kg/m?. All patients were followed for 90 days from the
initial ED presentation. The patients who were not hospita-
lized were contacted by phone to check up on their condi-
tion, and those who were hospitalized were evaluated
throughout their hospitalization using their Electronic
Medical Records. This period was sufficient to evaluate the
outcome of all the 301 patients.

All this information was collected by our team and the
data were registered in an electronic database.

We assessed the discrimination capability of the col-
lected variables with respect to the patients’ outcome. We
divided the patients into two classes: moderate/mild and
severe. Moderate/mild class included patients who did not
die or were not intubated while severe class included
patients who were intubated or died.

Chest X-Ray Analysis

All patients received either digital anteroposterior (A-P)
CXR (240 patients; 80%) or digital posteroanterior and
lateral (P-A/Lat) CXR (61 patients; 20%) at the admission
at the ED. Two thoracic radiologists, respectively, with 23
and 20 years of experience in thoracic imaging, reviewed
the baseline CXR independently of each other. To mini-
mize bias, reviewers were blind to patient histories and
their COVID-19 positivity.

To assess the severity of pulmonary involvement,
a qualitative pulmonary radiological severity scoring sys-
tem was defined by each radiologist as follows.

Each lung was divided manually, by each radiologist,
into three quadrants, with similar height, by tracing two
horizontal lines: the highest line passed through the middle
of the aortic arch, the lowest line through the bifurcation
of inferior pulmonary arteries. Each lung was divided into
a superior (from apices to the middle of aortic arch),
middle (fSSorm the middle of aortic arch to the bifurcation

of inferior pulmonary arteries) and an inferior quadrant
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(from the bifurcation of inferior pulmonary arteries to the
diaphragm sulcus), for a total of six quadrants.
More precisely, the quadrants were defined as follows:

e Right lung: Superior Right Quadrant (SRQ), Middle
Right Quadrant (MRQ) and Inferior Right Quadrant
(IRQ);

e Left lung: Superior Left Quadrant (SLQ), Middle
Left Quadrant (MLQ) and Inferior Left;

e Quadrant (ILQ).

For each quadrant, the radiologists assigned a score from
0 to 4, as follows: 0 = negative, no anomaly evaluated,
1 = presence of reticular interstitial thickening; 2 = presence
of ground glass opacities =+ reticular interstitial thickening;
3 = presence of ground glass plus consolidation with ground
glass as the most widespread anomaly; 4 = presence of
consolidation or presence of ground glass plus consolida-
tion, with consolidation as the most widespread anomaly.

For each patient, the CXR score could range from 0,
completely normal quadrants, to 24, which indicated the
presence of consolidation as the most widespread anomaly
in all the six quadrants. An example of the calculation of

the score by each evaluator using pulmonary division is
displayed in Figure 1.

The rounded average of the scores assigned by the two
evaluators to a patient was referred to as the Radio.Score
of that patient. We obtained 301 Radio.Scores.

The agreement between the two radiologists’ scores was
measured using Cohen’s kappa.!” Kappa agreements were
characterized according to Landis and Koch criteria as slight
(kappa= 0.00-0.20), fair (kappa= 0.21-0.40), moderate
(kappa = 0.41-0.60), substantial (kappa= 0.61-0.80), and
almost perfect (kappa 0.81-1.00).'%

Statistical and Artificial Intelligence
Analysis

Numeric variables were expressed using their mean, stan-
dard error of the mean and their range. When discrete
values were treated, the mean was rounded to the nearest
integer value. Assessment of the capability of each vari-
able in discriminating between moderate/mild and severe
class was performed using one-sided Wilcoxon signed-
rank and chi-square test, respectively, as appropriate for
numeric or categorical variables. In both cases a 95%
confidence level was selected (p-value <0.05).

Figure | Example of the CXR severity score. Portable chest radiograph (CXR) of a COVID-19 patient. Division of CXR in six segments for the final evaluation score. CXR
shows lower lung quadrants, middle lung quadrants, and upper lung quadrants hazy opacities; total score = 15. The patient was intubated. The numbers in each quadrant
correspond to the score reported by the two radiologists. In this case there was a complete agreement, for each quadrant, between the two evaluators. The highest line
passes through the middle of aortic arch. The lowest line passes through the bifurcation of inferior pulmonary arteries. 2 = presence of ground glass opacities; 3 = presence

of ground glass plus consolidation with ground glass as the most widespread anomaly.

Abbreviations: SRQ, superior right quadrant; MRQ, middle right quadrant; IRQ, inferior right quadrant; SLQ, superior left quadrant; MLQ, middle left quadrant; ILQ,

inferior left quadrant.
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Before processing, unbiased missing data imputation
was performed without considering the patients’ class
classification.

In particular, to quantify the “lack of data”, we computed
the percentage of missing values on a per-variable basis, by
dividing the number of missing values by the number of
patients. Two variables, lactate dehydrogenase (LDH) and
aspartate amino-transaminase (AST) were removed because
they had, respectively, 77% and 67% of missing values, and
their imputation would have not been meaningful.

For the other variables, Figure 2 shows that, symptoms,
comorbidities, age, sex, and Radio.Score had information
for all the patients, while the variables having the highest
percentage of missing values were oxygen saturation
(Sp02), the ratio of arterial oxygen partial pressure to
fractional inspired oxygen (P/F ratio) and alanine amino-
transaminase (ALT).

For estimation of missing data, our study used Multiple

Imputation by Chained Equations (mice),'*=°

which produces
100 different imputations using a base imputation model.

As base imputation models we used Predictive Mean
Matching (PMM)-mice'® and Random Forest classifiers
(RF)-mice.>’ PMM-mice essentially uses the values of
a neighbor, where the neighbor is randomly selected

among the k nearest points in bootstrap samples.

RF-mice estimates the missing values by using the sam-
ples without missing data to predict the missing ones. The
imputations obtained were compared to the 100 imputations

computed by missForest,>' %

which applies Random Forests
(RF) in a similar way to RF-mice. To choose the best impu-
this study used

the Wilcoxon rank-sum test (p-value < 0.05) to statistically

tation model, as detailed in Casiraghi et al,**

compare the between-imputation-variances obtained with
increasing imputation runs (from 1 to 100). This showed
that missForest was the most stable imputer. The final dataset
was obtained by averaging the results of missForest.

a stratified 10-fold
cross-validation (10-fold CV) strategy was applied. The data-

To obtain an unbiased evaluation,”

set was split into 10 stratified folds and an iterative procedure
was applied; at each iteration, 9 folds were used for training
and the fold that was “left out” was used as the test.

On each training set (Figure 3), the following steps
were consecutively applied:

1. The best Radio.Score threshold (CXR cut-off point)
was computed as the average of the values max-
imizing the Youden index (measured as sensitivity
+specificity-1) on 1000 bootstrapped samples.

2. Samples below the CXR cut-off point were consid-
ered as moderate/mild patients, while those above

Percentage of missing values

18%

16%

14%
12%
10%
8%
| I I
0% I

%Sp02 P/F ratio

Q
X

5
®

~N
X

%Lymphocytes Lymphocytes

Figure 2 Percentage of missing values for variables with missing data.

White blood cells

(no. days) Platelets Red blood cells

Abbreviations: ALT, alanine amino-transaminase; P/F ratio, the ratio of arterial oxygen partial pressure to fractional inspired oxygen; CRP, C-reactive protein; SpO2,

oxygen saturation.
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Figure 3 A schematic diagram of the algorithm.
Abbreviations: PMM-mice, predictive mean matching-multiple imputation by chained equations; RF-mice, random forest classifiers-multiple imputation by chained
equations.

the CXR cut-point were further analyzed to select class, at the same time 2) the outcome of samples with
the most important variables for a more precise Radio.Score above the CXR cut-off point was predicted by

outcome prediction. To this aim, Boruta using the rules in the associative tree.

23,2629

algorithm used an internal 5-fold cross- At the end of the iteration over all the 10-folds, each

1.24

validation as detailed by Casiraghi et a variable had an associated mean feature relevance and

3. Selected variables were used to train an RF, which  each patient had a classification computed when the
was then pruned and simplified to create a simple patient was not in the training set, which allowed comput-

associative tree%!

and to finally estimate the ing an unbiased estimate of the model performance. To
importance of the variables.”® obtain a global associative tree to roll out the classification
system on the clinical practice, the 10 associative trees

The test fold was then classified as follows: 1) The best (one for each training set) were merged by removing

CXR cut-off point was used to identify the moderate/mild  duplicates and by applying 10gics.30’3 !
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The described pipeline (Figure 4) is being applied to
novel patients who access the ED and present RT-PCR
positive result for COVID-19 confirmation.

Class prediction results are reported through sensitiv-
ity, specificity, accuracy, positive predictive value (PPV),
negative predictive value (NPV), F1 score and area under
the curve (AUC). The code for the data analysis was
implemented in R language,**> by using the following
packages: mice, missForest, Boruta, caret,
RandomForest, cutpointr, and inTrees, all available from

the CRAN repository.

Results

A total of 301 COVID-19 positive adults were included
(median age 61 [range 23-95]; 207 men and 94 women).
The mean number of days from symptom/sign onset to pre-
sentation in the ED was 7. The mean, standard error (s.c.),
minimum and maximum number of days from a symptom/
sign onset for the two classes were similar: 7 £ 0.36 for

patients who did not die or were not intubated (moderate/
mild class), 7+ 0.51 for patients who died or were intubated
(severe class).

Patients’ demographic data are presented (Table 1).
Both the majority of men (70.1%) and the majority of
women (73.4%) were in the moderate/mild class. For
men, the outcomes were ranked as follows: hospitalized
but recovered without intubation (55.6%), dead (18.8%),
not hospitalized (14.5%), intubated (11.1%). For women,
the outcomes were ranked as follows: hospitalized but
recovered without intubation (45.7%), not hospitalized
(27.7%), intubated (13.8%), dead (12.8%).

CXR scoring system, clinical findings, comorbidities,
laboratory test results are presented for all the admitted
patients (Table 2).

The mean value of the radiological scoring system of the
two radiologists (Radio.Score) was 9. The agreement between
0.76,
p-value <0.01) and Radio.Score was considered significant

the two radiologist scores was substantial (kappa =

Not

Patient registration

paticrit evalustad i Patient is visited by experts

the ED for Covid-19

CXR acquisition + score assessment by radiologists = Radio.Score

Clinical tests

Age, sex
important
—> Symptoms, comorbidities variables
—>Sp02, P/F ratio Important
Lymphocytes (%), CRP, Hemoglobin varlables

Laboratory tests

If Radio.Score < 9: moderate/mild class

Figure 4 Patient classification pipeline.

If Radio.Score 2 9: use the following rules

RULE CLASS

SpO2 <88 % severe

Sp0O2>91 % moderate/mild
P/F ratio < 115 severe
Lymphocytes (%) > 20.12 moderate/mild

CRP > 15.61 mg/L severe

Hemoglobin > 13.45 mg/dl moderate/mild

Lymphocytes (%) > 13.55 moderate/mild

P/F ratio < 300 severe

Else moderate/mild

Abbreviations: ED, emergency department; P/F ratio, the ratio of arterial oxygen partial pressure to fractional inspired oxygen; CRP, C-reactive protein; SpO2, oxygen

saturation.
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Table | Number of Patients per Class, Divided for Gender. The Age is Reported with Median, Standard Error of the Median (SE) and

Range
Total Men Women
Moderate/mild class Patients: No., (%) 214 (71) 145 (70.1) 69 (73.4)
Age: y, median (IQR) * SE [range] 58 + | [23-92] 58 + 2 [23-92] 56 + 3 [27-88]
Severe class Patients: No., (%) 87 (29) 62 (29.9) 25 (26.6)
Age, y, median (IQR) + SE [range] 67 2 [23-95] 67 + 2 [23-90] 69 + 4 [45-95]
Total Patients: No., % 301 207 (68.8) 94 (31.2)
Age, y, median (IQR) * SE [range] 61 + 1 [23-95] 6l + 1 [23-92] 63 + 2 [27-95]

by Al-based analysis to stratify the class of COVID-19
patients. The most represented symptoms/signs were fever
(93%), cough (66.8%) and dyspnea (55.1%). Before imputa-
tion, lactate dehydrogenase (LDH) and aspartate aminotrans-
ferase (AST) were deleted since they had more than 50% of
missing values.

The maximization of the Youden index on 1000 boot-
strapped samples revealed an optimal CXR cut-off point
(Radio.Score threshold) equal to 8.5. Therefore, the mod-
erate/mild class corresponded to Radio.Score < 8, while
Radio.Score > 9 predicted the severe class (corresponding
to the 63% of patients) with a sensitivity = 0.67,
a specificity = 0.58, an accuracy = 0.61, a PPV = 0.40,
an NPV = 0.81, a F1 score = 0.50, an AUC = 0.65.

For patients with Radio.Score > 9, the variables consid-
ered as most important by the Random Forests classifiers were
two clinical variables (Oxygen Saturation [SpO2], the ratio of
arterial oxygen partial pressure to fractional inspired oxygen
ratio [P/F ratio]) and three laboratory test results (C-reactive
protein [CRP], lymphocytes [%], hemoglobin [g/dl]). Table 3
shows the rules computed by Random Forest with the com-
bined aforementioned variables with Radio.Score > 9. Such
rules achieved a sensitivity = 0.80, a specificity = 0.86, an
accuracy = 0.84, a PPV = (.73, an NPV = 0.90, a F1 score =
0.76, an AUC=0.82. The best thresholds for the most impor-
tant variables allowing to improve Radio.Score performance
in recognizing patients in the severe class (patients having
a Radio.Score > 9) are shown in Table 4.

Discussion

Interest has grown in CXR due to its evolving role in the
fight against COVID-19.*** In some countries such as
UK, Italy, and Spain, CXR has been preferred to CT as
the initial imaging modality to confirm or reinforce the
suspicion of a COVID-19 pneumonia,*>*>3 but it has also
demonstrated a role as a predictive score for COVID-19

diagnosis®® and outcome.* ! Our study has explored the
value of initial CXR in predicting the outcome of patients
with COVID-19 in the ED setting.

Even if CT is more sensitive than CXR in detecting
early COVID-19 pulmonary changes, CXR has the clear
advantage of being easily available, even in medical set-
tings with limited resources and a lack of RT-PCR Kkits.
Furthermore, the use of a portable CXR unit dedicated to
COVID-19 suspected patients has reduced the in-hospital
transmission. Avoiding COVID-19 patient transfers,’’
CXR could
contamination risk, preventing the in-hospital exposure to

contribute to reducing the cross-
a yet undiagnosed SARS-CoV-2 positive patient.*®

For the CXR scoring system, our study has focused on
three main radiological findings (reticular interstitial thick-
ening, ground glass opacity and consolidation), previously
described by other authors, who used part of these patterns
for developing a CXR score.**2°*' The hallmark of
COVID-19 is the bilateral presence of patchy ground
glass opacities that may coalesce into dense, consolidative
lesions, with a predominantly peripheral distribution.*!
A reticular interstitial thickening pattern is the third most
common finding in COVID-19 after ground glass opacities
and consolidations.**

There was a substantial agreement between the scores
assigned by the two radiologists (kappa=0.76). The Radio.
Score was considered significant by Al software to stratify
the outcome of COVID-19 patients. A Radio.Score > 9 has
demonstrated its role in predicting a severe class (patients
who were intubated or died) with a sensitivity of 67%.
Wong et al have reported a sensitivity of 69% regarding
CXR in detecting abnormal findings at baseline, which is
comparable to our results.*

With the support of a dedicated Al software, this study
has also evaluated and integrated anamnestic, clinical and

biochemical findings at admission in order to increase the
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Table 2 CXR Scoring System, Symptoms/Signs, Comorbidities, Clinical Findings, and Biochemical Variables at Admission, for 301

Patients in the ED Setting

Total Moderate/Mild Class Severe Class P-value
CXR scoring system
Mean (SD) + SE [range]
Radio.Score 9+0.26 8+ 0.31 10 + 0.46 < le-05
[0-18] [0-16] [0-8]
Symptoms/signs
%, (No.)
Fever 93 (280) 92.5 (198) 94.3 (82) =0.78
Cough 66.8 (201) 68.7 (147) 62.1 (54) =033
Dyspnea 55.1 (166) 47.7 (102) 73.6 (64) < le-04
Asthenia 12.3 (37) 11.7 (25) 13.8 (12) =07
Vomiting - Nausea 12.3 (15) 42 (9) 6.9 (6) =05
Diarrhea 103 (31) 10.7 (23) 9.2 (8) =0.85
Myalgia 9.3 (28) 9.3 (20) 9.2 (8) = |
Syncope 4.3 (13) S5.0(1) 23 (2 =043
Headache 309 33 (7) 23 (2 =0.94
Pharyngeal pain 309 3.7 (8) 1.1 (1) =041
Ageusia - Anosmia 23 (7) 2.8 (6) 1.1 (1) =
Thoracic pain 2 (6) 1.9 4) 23 (2 = |
Other symptoms 9.6 (29) 9.8 (21) 9.2 (8) =
Comorbidities
%, (number of patients)
Hypertension 29.9 (90) 26.2 (56) 39.1 (34) < 0.05
Cardiovascular disease 16.6 (50) 11.7 (25) 28.7 (25) < 6e-04
Diabetes 15.9 (48) 12.1 (26) 253 (22) < 0.0l
Neoplasm (in the last 5 years) 10.6 (32) 79 (17) 17.2 (15) < 0.05
Obesity (BMI > 30) 6 (18) 5.6 (12) 6.9 (6) =0.87
Smoke 5.3 (le) 5.6 (12) 4.6 (4) =0.94
Chronic obstructive pulmonary disease 5.3 (l6) 42 (9) 8 (7) =0.29
Asthma 4.7 (14) S5.0(1) 34 (3) =0.74
Stroke 4 (12) 3.7 (8) 6 (4) =0.98
Interstitial lung disease 23 (7) 2.3 (5) 2.3 (2) =
Hepatopathy 23 (7) 2.3 (5) 23 (2 = |
Dementia 23 (7) 2.3 (5) 3(2) = |
Other comorbidities 1.7 (5) 1.4 (3) 2.3 (2) = 0.96
Clinical findings
Mean (SD) * SE [range]
P/F ratio 310 £9.18 333 £9.57 231 £ 16.59 < 3e-12
[40-733] [61-733] [40-567]
Sp0O2, % 93 £ 0.46 95 £ 0.37 88 + 1.07 < 3e-14
[65-100] [82-100] [65-98]
Biochemical Variables
Mean (SD) = s.e. [range]
Lactate dehydrogenase (LDH), mU/mL 365 +27.18 293 * 33.27 456 + 36.08 < 4e-04
[2-1159] [2-1159] [266-784]
(Continued)
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Table 2 (Continued).

Total Moderate/Mild Class Severe Class P-value

Aspartate amino-transaminase (AST), U/l 69 * 14.69 61 £ 1235 83.5 + 3471 < 7e-03
[25-1175] [25-669] [34-1175]

Alanine amino-transaminase (ALT), U/ 35 £+ 351 34 + 3.69 42.5 +7.96 < 0.05
[4-486] [4-378] [9—486]

Platelet, 1073/uL 199 £ 6.6 1965 + 8 205 + 11.69 = 048
[7-792] [7-792] [34-513]

White blood cells, 1073/mm*3 845+ 0.71 7.54 £ 0.54 10.66 * 2.05 < 5e-03
[1.65-179.67] [2.3-109.77] [1.65-179.67]

Red blood cells, 10A6/mm*3 4.64 £ 0.04 4.68 £ 0.04 4.53 £ 0.07 <0.03
[2.56-7.65] [2.56-7.65] [2.86-6.43]

Lymphocytes, 10A3/mm”3 249 £ 0.76 2.22 + 0.65 3.12 £ 2.04 < le-05
[0.25-172.48] [0.25-98] [0.11-172.48]

Lymphocytes, % 17.94 + 0.72 19.7 £ 0.84 13.72 + 1.29 < 2e-07
[0.6-96] [3.3-85.4] [0.6-96]

C-reactive protein (CRP), mg/L 892 + 0.46 7.01 £ 0.46 13.66 £ 0.96 < 2e-10
[0.05-34.7] [0.05-27.85] [0.77-34.7]

Hemoglobin, mg/dI 1349 £ 0.11 13.63 £ 0.12 13.14 £ 0.21 < 0.02
[7.16-19.1] [7.16-19.1] [8.6-17.7]

Hematocrit, % 38.88 + 0.29 39.18 £ 0.34 38.12 + 0.54 < 0.04
[21-64] [21-64] [25.3-51.1]

Notes: Categorical variables are expressed as counts and percentages with their p-values. Numeric variables are described with their mean (rounded when treating discrete
values), standard error (s.e.), their range, and their p-values. Fever is defined by temperature > 99.5° F; BMI (kg/m2) = body mass index; Radio.Score values are obtained by
the rounded mean of the two evaluators.

performance of qualitative CXR evaluation in predicting Borghesi et al in the risk stratification of COVID-19
COVID-19 patient outcome. A relationship between patients, using a CXR scoring system, considered only
COVID-19 patient outcome and chest image data asso- comorbidities, age and sex.” Toussie et al, who assessed

ciated with other variables has been noted previously. clinical and CXR features, made a range of age selection

Table 3 Simplified Random Forest Rules That Improved Radio.Score Performance of the Severe Class, Combining It with the Most
Important Variables Selected by Random Forest Classifiers. Patients with a Radio.Score 2 9 are Considered in the Severe Class

Rule Class % Respect to Patients with Radio. | % of Error with Respect to Patients with
Score > 9 Radio.Score > 9

SpO2 < 88% Severe 22.6% FP =7%

SpO2 > 91% Moderate/mild 39.7% FN = 4.3%

P/F ratio < |15 Severe 3.5% FP = 0%
Lymphocytes (%) > 20.12 Moderate/mild 7.4% FN = 1%

CRP > 15.61 mg/L Severe 8.7% FP = 1.9%
Hemoglobin > 13.45 mg/dl | Moderate/mild 8.2% FN = I.1%
Lymphocytes (%) > 13.55 Moderate/mild 2.7% FN = 0%

P/F ratio < 300 Severe 5.8% FP = 1%

Else Moderate/mild 1.4% FN= 0%

Notes: The rules must be consecutively checked. The first rule that is met indicates the class. For each rule, the error with respect to the whole set of patients with Radio.
Score 2 9, is shown in terms of false negatives (FN) or false positives (FP).
Abbreviations: P/F ratio, PaO2/FiO2 ratio; CRP, C-reactive protein.
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Table 4 Best Thresholds of the Variables That Individually Improved Radio.Score Performance in Recognizing Patients in the Severe

Class (Radio.Score 2 9), with Their Performance

Sensitivity Specificity Accuracy PPV NPV Fl Score AUC
Sp0O2, % <90 0.74 0.70 0.71 0.57 0.82 0.64 0.80
P/F ratio < 265 0.75 0.67 0.70 0.56 0.83 0.64 0.78
CRP, mg/l = [2.40 0.64 0.70 0.67 0.53 0.78 0.58 0.71

Abbreviations: PPV, positive predictive value; NPV, negative predictive value; AUC, area under the curve; P/F ratio, PaO2/FiO2 ratio; CRP, C-reactive protein.

between 18 and 51, with a median age of 39 years.® No
age selection has been performed in our study, which
obtained a median age of 61 years, to prevent excluding
patients with a bad outcome, such as elderly patients.
Liang et al proposed a clinical risk score, which consid-
ered both CXR and CT images, but the authors did not
explain how they judged imaging and if they used a score,
making its clinical application difficult."® Furthermore,
unlike the aforementioned studies, in this paper, an Al-
based algorithm was used to select the most significant
clinical and laboratory variables and to obtain rules that
improved the qualitative CXR scoring system, to elevate
its usefulness.

Schalekamp et al showed the usefulness of CXR in
developing a risk model to predict critical illness in
COVID 19 patients, using Al. In contrast, our score was
focused on qualitative CXR pattern evaluation.'' They did
not include oxygenation levels at admission, which in our
study have been an important parameter. Then, their study
population was different as it consisted exclusively of
patients with severe disease who required hospital admis-
sion, so they had a large proportion of patients who devel-
oped a critical illness.

Regarding COVID-19 patients considered in the severe
class by Radio.Score, Random Forest classifiers retrieved
some clinical and laboratory risk factors able to improve
CXR performance. The variables considered as most
important were two clinical variables (P/F ratio and
Sp02) and three laboratory test results (CRP, lymphocytes
[%], hemoglobin [g/dl]). Combining these variables, the
rules computed by Random Forest achieved a sensitivity
of 0.80 and an accuracy of 0.84. Regarding thresholds,
only two clinical variables (P/F ratio and SpO2) and one
laboratory test result (CRP) were able to individually
improve the performance of Radio.Score on their own.
As reported by Levy et al,* our study has shown that
oxygen parameters are important variables, associated

with poor prognosis. Warren et al** have demonstrated,
in acute respiratory distress syndrome (ARDS), that
a higher CXR severity score was independently associated
with a lower P/F ratio and a worse survival. In Covid-19
patients, a significant correlation was found between CT
findings and P/F ratio*’ and Pan et al*® showed that SpO2
< 89% was an independent risk factor of death.

In some studies, CRP levels were identified as a marker
of severity disease, correlated with intensive care unit
(ICU) admission.*®*” Furthermore, an association between
CRP levels and extension of pulmonary involvement has
been reported.*®

Patients with severe and fatal diseases had significantly
decreased lymphocyte counts compared to non-severe dis-
eases and survivors.*”>' Yamasaki et al have demon-
strated lymphocyte count as a predictor of progression to
severe COVID-19.>

A recent review>> concluded that several studies pro-
posing models for predicting diagnosis and prognosis of
COVID-19 patients, even with the help of Al, were poorly
reported, at high risk of bias, and that the reported perfor-
mance was optimistic. Our study pursued the development
of a rigorous risk prediction model by avoiding the weak-
nesses cited in the review. Each of the relevant steps of the
algorithm was critically designed and tested, by comparing
the different state-of-the-art Al explainable techniques, to
choose the most suited.

Nevertheless, our research has some limitations. First,
it is an observational and retrospective study. Second,
LDH levels, described in the literature to be associated
with a poor outcome and a higher severity of COVID-19

50.54 \ere not included in the evaluation because

patients,
these data were not present in at least 50% of the patients
of our sample. Third, Radio.Score requires validation and
an evaluation of its reproducibility also by other hospitals
and by radiologists with different expertise. It was not the

scope of our study to compare Radio.Score with the CXR
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scores of other authors for COVID-19 outcome, but it
would be interesting to see the results of these scores
applied to our samples, to verify if the entire method
would need recalibration. Fourth, the sensitivity of
Radio.Score could have been influenced by the image
quality, especially regarding CXRs obtained at bedsides,
due to the superposition of soft tissues.”® This research
may be a precursor study of interventional trials that pro-
spectively assess the role of CXR in the outcome of
Covid-19 patients.

Our tool could also be implemented, in future stu-
dies, with an automated software for the evaluation of
the CXRs, reducing radiologist role, improving the
reproducibility of the scores, but to do that, thousands
of CXRs are necessary.

Conclusion

Radio.Score, the mean value of the radiological scoring
system assigned by the two radiologists who read the
CXRs, was considered a reliable tool by Al in the evalua-
tion of COVID-19 patients and it could guide radiologists
in CXR reports. Al methods have demonstrated that
Radio.Score, especially if combined with clinical and
laboratory features, has a relevant role in predicting
COVID-19 patients’ outcome.

Abbreviations

SpO2, oxygen saturation; P/F ratio, the ratio of arterial
oxygen partial pressure to fractional inspired oxygen;
CRP, C-reactive protein; RT-PCR, reverse transcriptase-
polymerase chain reaction; CXR, chest radiograph; CT,
computed tomography; ED, emergency department; Al,
Artificial Intelligence; BMI, body mass index; SRQ, super-
ior right quadrant; MRQ, middle right quadrant; IRQ, infer-
ior right quadrant; SLQ, superior left quadrant; MLQ,
middle left quadrant; ILQ, inferior left quadrant; 10-fold
CV, 10-fold cross-validation.
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