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Abstract

We aimed to create the prediction model of in-hospital mortality using machine
learning methods for patients with coronavirus disease 2019 (COVID-19)
treated with steroid and remdesivir. We reviewed 1571 hospitalized patients
with laboratory confirmed COVID-19 from the Mount Sinai Health System
treated with both steroids and remdesivir. The important variables associated
with in-hospital mortality were identified using LASSO (least absolute shrinkage
and selection operator) and SHAP (SHapley Additive exPlanations) through the
light gradient boosting model (GBM). The data before February 17th, 2021
(N =769) was randomly split into training and testing datasets; 80% versus 20%,
respectively. Light GBM models were created with train data and area under the
curves (AUCs) were calculated. Additionally, we calculated AUC with the data
between February 17th, 2021 and March 30th, 2021 (N =802). Of the 1571
patients admitted due to COVID-19, 331 (21.1%) died during hospitalization.
Through LASSO and SHAP, we selected six important variables; age, hy-
pertension, oxygen saturation, blood urea nitrogen, intensive care unit admis-
sion, and endotracheal intubation. AUCs using training and testing datasets
derived from the data before February 17th, 2021 were 0.871/0.911. Ad-
ditionally, the light GBM model has high predictability for the latest data (AUC:
0.881) (https://risk-model.herokuapp.com/covid). A high-value prediction
model was created to estimate in-hospital mortality for COVID-19 patients

treated with steroid and remdesivir.
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WHAT DOES THIS ADD TO WHAT IS
ALREADY KNOWN?

As steroids and remdesivir are the standard treatment of mod-

erate or severe COVID patients as of April 17th 2021, a predic-

tion model among patients treated with steroid and remdesivir is

High-value prediction model was created to estimate in-hospital
mortality for COVID-19 patients treated with steroid and

warranted. remdesivir.

958 © 2021 Wiley Periodicals LLC wileyonlinelibrary.com/journal/jmv J Med Virol. 2022;94:958-964.
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WHAT IS THE IMPLICATION; WHAT
SHOULD CHANGE NOW?

If patients are going to be treated with steroid and remdesivir, our
prediction model would be useful.

1 | INTRODUCTION

Coronavirus disease 2019 (COVID-19) caused by a novel
coronavirus, severe acute respiratory syndrome coronavirus 2,
has spread all around the world since the first reported case in
December 2019. The World Health Organization declared
COVID-19 to be a pandemic on March 11, 2020 and as of April
22nd, New York City has become the epicenter.?”* On April 17th,
2021, the number of deaths due to the COVID-19 pandemic has
almost exceeded 3.0 million and the number of COVID-19 cases
reached 140 millions gIobaIIyQ; 31 millions of which are from the
United States alone.

There are several prediction models to estimate the risk of in-
hospital death for patients with COVID-19, however, prediction
models with light gradient boosting model (GBM) are scarce.””’
Light GBM is considered to reduce calculation time and it might
be suitable for creation of a prediction calculator on the website.
It also allows missing values for prediction, which is more
advantageous than the conventional logistic regression model.
Additionally, as steroids and remdesivir are the standard treatments of
moderate or severe COVID patients as of April 17th 2021,'°°%2
a prediction model among patients treated with both steroid and
remdesivir is warranted. Moreover, the racial difference in death due to
COVID-19 remains uncertain although racial disparities were observed

in infection rates,*> "¢

it should be investigated whether including it into
the risk model predicting mortality.

We aimed to build the prediction model for in-hospital mor-
tality among patients infected with COVID-19 treated and trea-
ted with both steroid and Remdesivir in a diverse population of
New York City. We also aimed to create the calculator on the
website so that frontline providers can use this prediction model
to identify high risk hospitalized COVID-19 patients treated with

steroid and remdesivir.

2 | METHODS

This retrospective study was conducted by review of the medical
records of 9565 hospitalized patients between March 1st, 2020
and March 31st, 2021 with laboratory confirmed COVID-19 in
the Mount Sinai Health system.'” 2% Identification of COVID-19
required a nasopharyngeal swab, which was tested using a poly-
merase chain reaction.

Patients' electronic medical records were reviewed and de-
mographics, comorbidities, vital signs at admission, laboratory
data at admission, and clinical outcomes were extracted. Among
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9565 patients, 1571 patients treated with both remdesivir and
steroid were selected. Additionally, patients were stratified into
groups, those who were discharged by February 17th, 2021
(N=769) and those who were discharged between February
18th, 2021 and March 31th, 2021 (N = 802). Steroids were used
only for moderate or severe COVID-19 patients.'?*® Only pa-
tients treated with systemic steroids (betamethasone, dex-
amethasone, hydrocortisone, prednisone, prednisolone, and
methylprednisolone) regardless of dosage, were included.

Differences in baseline characteristics between both study
periods were evaluated using the x> test for categorical
variables. Continuous variables are presented as means +SD or
medians [interquartile range] depending on what is appropriate
for the data distribution, and categorical variables were ex-
pressed as percentages. All vital signs were recorded at time of
admission. The primary outcome of interest was in-hospital
mortality. Acute kidney injury was defined as any increase of
creatinine by more than 0.3 mg/dl or to more than 1.5 times
baseline.?*

Two approaches were used to predict in-hospital death for
patients infected with COVID-19: machine learning model and
logistic regression model. With the machine learning model, we
initially identified the important variables associated with in-
hospital death using LASSO (least absolute shrinkage and selec-
tion operator). LASSO selects variables by shrinking the coeffi-
cients of less-important variables from logistic regression to
zero.”” Age, race, sex, asthma, chronic obstructive pulmonary
disease, hypertension, obstructive sleep apnea, obesity, diabetes
mellitus, chronic kidney disease, human deficiency virus, cancer,
atrial fibrillation, heart failure, coronary artery disease, chronic
viral hepatitis, alcoholic/nonalcoholic liver disease, peripheral
vascular disease, vitals at admission, C-reactive protein, b-dimer,
white blood cell count, hemoglobin, creatinine, blood urea ni-
trogen, estimated glomerular filtration rate (eGFR), intensive care
unit (ICU) admission, and endotracheal intubation were included
into the LASSO model.*?® The Modification of Diet in Renal
Disease equation was used to estimate eGFR.?’ In addition, we
constructed the SHAP (SHapley Additive exPlanations) approach
to select the important variables with the light GBM using the
variables selected by LASSO. This approach explains the models
at the level of individual patients based on the sum of the numeric
computed credit (SHAP) values of each feature.?®??

After selection of important variables, the data before Feb-
ruary 17th, 2021 (N =769) was randomly split into training and
testing datasets; 80% and 20%, respectively. Then, light GBM and
a logistic regression model using the stratified K-fold cross-
validation method were applied to the train data (K=5). In com-
parison to the logistic regression model, Light GBM used “NaN” to
represent missing values and were dealt separately than zero, as
missing values were interpreted as containing information.?® The
hyper-parameter optimization was performed using an im-
plementation called “Optuna” for light GBM. For logistic regres-
sion, we used a grid search strategy to identify the best tuning
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hyperparameters.®° We also used Standard Scaler to improve
predictability.® We also performed an imputation for missing
data using the library of Iterativelmputer in Python for a logistic
regression model. We used area under the curve (AUC) to eval-
uate the different models. Furthermore, we validated the model
into the data between February 18th, 2021 and March 30th,
2021 (N =802). Finally, we created a web-based calculator to
predict in-hospital mortality due to COVID-19.

All statistical calculations and analyses were performed on R
(version 3.6.2, R Foundation for Statistical Computing, Vienna,
Austria) and Python 3.7 (Python Software Foundation Delaware,
USA). All p values <0.05 considered statistically significant.

This study was approved by the institutional review boards
(#2000495) and conducted in accordance with the principles of the
Declaration of Helsinki. The waiver of patients' informed consent was

also approved by the institutional review boards.

3 | RESULTS

Of the 1571 patients admitted due to COVID-19, 331 (21.1%) died
during hospitalization. Baseline characteristics across two study
periods are reported in Table 1, demonstrating mostly comparable
patients' characteristics except sex and race.

Treatments and outcomes are shown in Table 2. Although the
rates of therapeutic versus prophylactic anticoagulation, Tocili-
zumab, convalescent plasma were significantly different between
the study periods. ICU admission, endotracheal intubation, acute
kidney injury and in-hospital mortality were not significantly
different (Table 2).

LASSO method showed the following 17 variables as im-
portant features to predict in-hospital mortality; age, race,
hypertension, coronary artery disease, heart rate, respiratory
rate, systolic blood pressure, diastolic blood pressure, oxygen
saturation, C-reactive protein, p-dimer, white blood cell count,
hemoglobin, blood urea nitrogen, eGFR, ICU admission and en-
dotracheal intubation. Then, SHAP showed six important vari-
ables; age, hypertension, oxygen saturation, blood urea nitrogen,
ICU admission and endotracheal intubation (Figure 1). We cre-
ated the final model with six variables. AUCs using training and
testing datasets derived from the data before February 17th,
2021 were 0.871/0.911 with light GBM, and 0.952/0.918 with
the logistic regression model.

Additionally, the light GBM model has high predictability for the
data derived from February 18th, 2021 and March 30th, 2021 as well
as the logistic regression model (AUC; light GBM: 0.873, logistic re-
gression: 0.882, respectively). Figure 2 shows the calibration plots
with the light GBM using the six variables.

The web calculator was created using light GBM as it allows
missing values and both light GBM and the logistic regression models
are comparable with high prediction. It can be used to calculate the
risk of in-hospital death for patients hospitalized with COVID-19
(https://risk-model.herokuapp.com/covid). Two examples of using

this calculator are shown in Figure 3A,B. Using this calculator, we

could estimate the risk of death.

4 | DISCUSSION

The salient of our findings are the followings: (1) light GBM showed
high AUC to predict in-hospital mortality, which was comparable to
the logistic regression model; (2) Calculator on the website using a
light GBM model which allows missing values is useful to predict in-
hospital mortality.

As of April 17th, 2021, steroids and remdesivir are the
standard treatment of COVID patients'®'! for patients with
moderate or severe COVID-19 (oxygen saturation level <94%).
As the prediction model among patients treated with steroid and
remdesivir is needed and we created the risk model among those
patients. Using LASSO method, age, race, hypertension, coronary
artery disease, heart rate, respiratory rate, systolic blood pres-
sure, diastolic blood pressure, oxygen saturation, C-reactive
protein, p-dimer, white blood cell count, hemoglobin, blood
urea nitrogen, eGFR, ICU admission and endotracheal intubation
were selected as important features which is compatible with the
previous studies.>®?%3273% Additionally, we adjusted the number
of variables with SHAP to enhance convenience of the risk model,
with six variables of age, hypertension, blood urea nitrogen,
oxygen saturation, ICU admission, and endotracheal intubation.
Our risk model is valuable to predict the risk of death for mod-
erate or severe COVID-19 patients treated with steroid and re-
mdesivir. We demonstrated blood urea nitrogen as important
variables rather than C-reactive protein, o-dimer using SHAP.2¢:%°

Another strength of this study is the website calculator,
which will enable frontline providers to identify high-risk patients
immediately at the time of admission for patients requiring ster-
oid and remdesivir. We consider risk prediction model is really
useful especially when frontline providers can utilize it. It is also
valuable as we could calculate the risk of death even with missing
values since light GBM allows missing values to construct a
model.

Racial difference in death due to COVID-19 remains uncertain al-
though racial disparities were observed in infection rates.> ¢ LASSO
using our data showed that race is an important feature, however, SHAP
did not reveal that we could predict in-hospital mortality without the
information of race. Ase COVID-19 occurred among diverse patients

population in New York City,>#3¢2557

our model would be useful globally
as COVID-19 affects all over the world, however, more extensive vali-
dation using international data is necessary.

Moreover, gender or comorbidities were less prominent in our
model, especially selected by SHAP. Although gender or comorbid-
ities were important variables that affect mortality,*®’ these vari-
ables were less important compared to six variables to predict
in-hospital mortality in our model.

Our study is not without limitations. This is a retrospective ob-

servational study and not the study to collect all variables
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TABLE 1 Baseline characteristics of patients admitted with COVID-19 and treated with steroid and remdesivir stratified by discharge date

Patients who were discharged before Patients who were discharged between February
February 17th, 2021, N =769 18th, 2021 and March 30th, 2021, N = 802 p value

Age, (mean, SD), year 66.3 (15.6) 65.8 (16.0) 0.57
Male, n (%) 462 (60.1) 431 (53.7) 0.013
Race, n (%) 324 (42.1) 212 (26.4) <0.001
White 101 (13.1) 157 (19.6)
African American 138 (17.9) 177 (22.1)

Hispanic 50 (6.5) 85 (10.6)

Asian 156 (20.3) 171 (21.3)

Other
Comorbidities
Asthma, n (%) 31 (4.0 50 (6.2) 0.063
COPD, n (%) 38 (4.9) 35 (4.4) 0.67
Hypertension, n (%) 239 (31.1) 273 (34.0) 0.23
Diabetes mellitus, n (%) 153 (19.9) 181 (22.6) 0.22
Chronic kidney disease, n (%) 28 (3.6) 39 (4.9) 0.28
Obstructive sleep apnea, n (%) 28 (3.6) 13 (1.6) 0.019
Obesity, n (%) 60 (7.8) 84 (10.5) 0.081
HIV, n (%) 28 (3.6) 13 (1.6) 0.019
Cancer, n (%) 69 (9.0) 61 (7.6) 0.37
Atrial fibrillation, n (%) 44 (5.7) 63 (7.9) 0.12
Heart failure, n (%) 36 (4.7) 43 (5.4) 0.62
Coronary artery disease, n (%) 88 (11.4) 91 (11.3) 1.00
Peripheral vascular disease, n (%) 30 (3.9) 33 (4.1) 0.93
Alcoholic/nonalcoholic liver disease, n (%) 13 (1.7) 13 (1.6) 1.00
Vitals
Temperature (mean, SD) 38.1 [37.4, 39.0] 37.8 [37.3, 38.7] <0.001
Heart rate 93.0 [82.0, 106.0] 95.0 [84.0, 107.0] 0.14
(mean, SD)
Respiratory rate (mean, SD) 20.0 [18.0, 22.0] 20.0 [18.0, 22.0] 0.009
Systolic blood pressure (mean, SD) 131.0 [118.0, 146.0] 129.0 [116.0, 145.0] 0.035
Diastolic blood 74.0 [66.0, 84.0] 75.0 [66.0, 83.8] 0.90
Pressure (mean, SD)
O, saturation (mean, SD) 88.0 [81.0, 91.0] 88.0 [80.0, 91.0] 0.92
Laboratory data

White blood cell, K/pl (mean, SD) 7.0[5.2,9.7] 6.3 [4.8, 8.5] <0.001

Hemoglobin, g/dl (mean, SD) 13.4[12.2, 14.6] 13.6 [12.3, 14.7] 0.180

Blood urea nitrogen, mg/dl (median [IQR]) 17.0 [12.0, 24.0] 17.0 [12.0, 25.0] 0.82

Creatinine, mg/dl (median [IQR]) 0.90 [0.74, 1.19] 0.95 [0.76, 1.23] 0.074

Lactate dehydrogenase, U/L (median [IQR]) 384.5 [293.0, 499.0] 392.5 [299.5, 530.0] 0.23

C-reactive protein, mg/L (median [IQR]) 88.2 [50.2, 148.7] 85.1 [46.4, 142.2] 0.30

D-Dimer, pg/ml (median [IQR]) 1.02 [0.65,1.81] 1.13 [0.67, 1.97] 0.029

Abbreviations: APTT, activated partial thromboplastin time; COPD, chronic obstructive pulmonary disease; COVID-19, coronavirus disease 2019; HIV,
human immunodeficiency virus; IQR, interquartile range.
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TABLE 2 In-hospital treatment and outcomes
Patients who was discharged before Patients who was discharged between February 18th,
February 17th, 2021, N =769 2021 and March 30th, 2021, N = 802 p value
Therapeutic anticoagulation, 329 (42.8) 177 (22.1) <0.001
n (%)
Prophylactic anticoagulation, 436 (56.7) 616 (76.8) <0.001
n (%)
Use of Tocilizumab, n (%) 22 (2.9) 51 (6.4) 0.002
Convalescent plasma, n (%) 407 (52.9) 116 (14.5) <0.001
ICU admission, n (%) 229 (29.8) 211 (26.3) 0.14
Endotracheal intubation, n (%) 126 (16.4) 119 (14.8) 0.44
Acute kidney injury, n (%) 152 (19.8) 140 (17.5) 0.27
In-hospital mortality, n (%) 156 (20.3) 175 (21.8) 0.49
Abbreviation: ICU, intensive care unit.
High FIGURE 1 SHAP model to estimate important
Intubation Em———- -‘ variables with the light gradient boosting model
Oxygen saturation ‘ =D - @B =30 using the 17 variablfes selected. by LASSO. The
e ’ features are sorted in descending order by
ICU Shapley values. BUN, blood urea nitrogen; CAD,
Age ‘ coronary artery disease; CRP, C-reactive protein;
BUN 4 el DBP, diastolic blood pressure; eGFR, estimated
HTN @ ’ glomerular filtration rate; HR, heart rate; HTN,
CAD e g ‘ hypertension; ICU, intensive care unit; LASSO,
" g least absolute shrinkage and selection operator;
DBP © RR, respiratory rate; SBP, systolic blood pressure;
D-DIMER ‘ g SHAP, SHapley Additive exPlanations; WBC,
WBC ’ E white blood cell count
Hemoglobin .
HR 4
RR L]
Race ‘
SBP b
CRP [
eGFR !
T T T T T T Low
-2.0 -15 -1.0 -05 0.0 05

SHAP value (impact on model output)

prospectively. Although we created the risk model from our diverse
cohort, our risk model needs to be validated in other populations.
However, our risk model could apply to the latest data. Moreover, we
did not have the information on admission data. We only have the data
of admission date before February 17th, 2021 or after. However, the
idea behind selecting patients with steroids and remdesivir were to
select moderate or severe COVID-19 patients and to exclude relatively
the early phase of a pandemic. The mortality rate of the initial phase
was relatively high compare to the second phase of COVID-19.° In

addition, selecting patients with steroids and remdesivir allowed us to

investigate patients who were moderate or severe in any timing of
hospitalization, as we have the data of vital signs at the time of
admission only.

In addition, our data could be applied to only COVID-19 patients
who received steroids and remdesivir, basically for moderate or se-
vere patients. Finally, the time between death and ICU admission or
endotracheal intubation might affect the prediction model, however,
we do not have that information.

In conclusion, a high-performance prediction model was created
with light GBM to estimate in-hospital mortality for COVID-19
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FIGURE 2 Calibration plot using the light

GBM with six variables; age, hypertension, 10 -
oxygen saturation, blood urea nitrogen, ICU

admission and endotracheal intubation. ICU,

intensive care unit; Light GBM, light gradient
boosting model

LightGBM Calibration Curve
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FIGURE 3 Examples of mortality prediction for patients with COVID-19. COVID-19, coronavirus disease 2019
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