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Objective: Development of a risk-stratification model to predict severe Covid-19 related illness, using only pre-
senting symptoms, comorbidities and demographic data.
Materials andmethods:Weperformed a case-control studywith cases being thosewith severe disease, defined as
ICU admission, mechanical ventilation, death or discharge to hospice, and controls being those with non-severe
disease. Predictor variables included patient demographics, symptoms and past medical history. Participants
were 556 patients with laboratory confirmed Covid-19 and were included consecutively after presenting to
the emergency department at a tertiary care center from March 1, 2020 to April 21, 2020
Results: Most common symptoms included cough (82%), dyspnea (75%), and fever/chills (77%), with 96%
reporting at least one of these. Multivariable logistic regression analysis found that increasing age (adjusted
odds ratio [OR], 1.05; 95% confidence interval [CI], 1.03–1.06), dyspnea (OR, 2.56; 95% CI: 1.51–4.33), male sex
(OR, 1.70; 95% CI: 1.10–2.64), immunocompromised status (OR, 2.22; 95% CI: 1.17–4.16) and CKD (OR, 1.76;
95% CI: 1.01–3.06) were significant predictors of severe Covid-19 infection. Hyperlipidemiawas found to be neg-
atively associated with severe disease (OR, 0.54; 95% CI: 0.33–0.90). A predictive equation based on these vari-
ables demonstrated fair ability to discriminate severe vs non-severe outcomes using only this historical
information (AUC: 0.76).
Conclusions: Severe Covid-19 illness can be predicted using data that could be obtained from a remote screening.
With validation, thismodel could possibly be used for remote triage to prioritize evaluation based on susceptibil-
ity to severe disease while avoiding unnecessary waiting room exposure.

Published by Elsevier Inc.
1. Introduction

1.1. Background

Since early reports of an unexplained pneumonia inWuhan, China in
December 2019, SARS-CoV-2 has spread tomore than 200 countries and
has become a global pandemic. There have been more than 24 million
confirmed cases of Covid-19 as of August 28th, 2020 with over
800,000 case fatalities in 188 nations [1]. Currently, there are more
than fifty thousand new cases of Covid-19 reported daily during July
500 E. Medical Center Dr., SPC
2020 in the United States [2] and with states lifting strict lockdown
measures, there is significant concern that there will be a resurgence
of cases [3,4]. Early in the pandemic, the number of cases rose rapidly
and emergency departments were inundated with patients in geo-
graphic “hot spots” like New York, New York and Detroit, Michigan
[5], and new hotspots such as Florida, Arizona and Texas have been
emerging [6]. Principles likely underlying this rapid progression of
disease include the frequency of encounters between susceptible
and infected individuals and the fidelity of transmission with each
interaction [7].

1.2. Importance

Given that most patients presenting with symptoms concerning for
Covid-19 infection have ultimately been negative [8], there is a concern
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that a large number of uninfected individuals may come into contact
with infected patients at testing centers or emergency departments
and thus propagate the infection due to the contagious nature of the
virus [9,10]. There is also potential for transmission without direct con-
tact. Viral particles have been shown to persist on surfaces for several
days and new evidence suggests that aerosolized particles can be de-
tected up to 29 ft from the infected individual and linger in the environ-
ment and may have contributed to superspreading events [11-13].
Crowded hospitals and clinics may therefore present ideal conditions
for viral transmission. As such,minimizing crowding in hospital waiting
areas and clinics is critical to mitigate nosocomial spread.

Remote triage tools have the potential to facilitate this by evaluating
patients without physical contact. Existing web-based triage tools em-
ploy branched logic questions based on early recommendations from
the CDC [14] and preliminary data fromChina [15,16] to advise patients,
but lack statistical validation [17-19]. More recently, statistical models
have been developed to predict potential Covid-19 infections, which
represents an innovative step forward. However, these models either
necessitate in-person collection of vital signs, imaging, and/or labora-
tory studies in order to risk stratify patients [20-23] or do not predict
disease severity and therefore do not determine which patients should
be evaluated most urgently [24]. A validated model for predicting the
risk of severe Covid-19 illness using only predictors that do not require
in-person evaluation could be utilized as part of a remote triage strategy
to prioritize the in-person ED evaluations of those at risk for severe dis-
ease while lower risk individuals could await their evaluation at home.

1.3. Goals of this investigation

Our proof-of-concept study aims to demonstrate the value of infor-
mation that can be collected remotely, prior to presentation at a
healthcare facility, such as symptoms and comorbidities, in predicting
a patient's risk of developing severe disease fromCovid-19 infection. Re-
mote risk-stratification has the potential to facilitate clinical decision
making without necessitating in-person evaluation, preventing unnec-
essary nosocomial spread.

2. Methods

2.1. Study design and setting

We performed a retrospective case-control study using the elec-
tronic medical records of an Emergency Department at single large ter-
tiary academic medical center. Included patients presented fromMarch
1, 2020 to April 21, 2020. Outcomes of admission were followed
through May 16, 2020. The study was approved by the institutional re-
view board.

2.2. Participants

We obtained data from 556 patients who tested positive for Covid-
19 and presented to the Adult Emergency Department (ED), either di-
rectly or via ED-to-ED transfer, between March 01, 2020 and April 21,
2020. Testing was performed on patients based on their presentation
according institutional guidelines at the time or if they had known ex-
posure. Testing was done on nasopharyngeal swab samples via reverse
transcriptase polymerase chain reaction (RT-PCR) assay. Patients were
considered Covid-19 positive if they had a positive test anytime
21 days prior to presentation to the ED or had a positive test up to
14 days after the ED presentation. This timeframe was determined by
institutional guideline at the time of testing. Patients were excluded if
they tested negative for Covid-19 or if test results were inconclusive.
During the study period, our institution primarily utilized the Simplexa
SARS-CoV-2 EUA Assay (Diasorin Molecular, Cypress, CA) to determine
Covid-19 status. Accuracy in comparison to reference laboratory sam-
ples was determined to be 100% by our clinical microbiology laboratory
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and in 400 patients unrelated to this study, repeat testing was per-
formed within 72 h and raw concordance between serial tests was de-
termined to be 95% by our clinical microbiology lab.

For patients with multiple presentations, the encounter concluding
with the highest level of care (ICU admission/mechanical ventilation)
was selected for determination of the primary outcome (Fig. 1). Cases
were those with severe illness, defined as admission to the intensive
care unit (ICU), requirement for mechanical ventilation, in-hospital
death, or discharge to hospice at any point during hospital admission.
Controls were those with non-severe outcomes, defined as either ad-
mission to the hospital without the aforementioned outcomes or dis-
charge from the ED without hospital admission.

2.3. Variables

Definitions for all collected predictor variables may be found in Sup-
plemental Table 1. Primary endpoints of severe and non-severe disease
are defined above.

2.4. Data sources and measurement

Patient data was obtained using the Electronic Medical Record
Search Engine (EMERSE) [25] data retrieval tool from the electronic
medical record (EMR; Epic Systems, Madison, WI). Symptoms docu-
mented by a clinician in the ED H&P, admission H&P, progress/transfer
notes, or triage documentation were included if the documentation
was describing symptoms at the time of initial presentation. Absence
of documentation of and specific denial of symptoms (negative symp-
toms) were considered equal. Comorbidities, medications, and smoking
status for each patient were gathered from the patient's history. If these
datawere not documented by clinicians during the encounter related to
Covid-19, thorough inspection of the remainder of the patient's chart
and external records was conducted to obtain said information. Ten pa-
tients were found to have no smoking status listed in their EMR and
were treated as non-smokers in our analysis due to relatively low prev-
alence of smoking. Primary endpoints, assorting patients into cases and
controls based on presence or absence of severe disease, were collected
on May 16, 2020. Data collection was completed with consensus be-
tween two senior medical students at time of entry into a spreadsheet
instrument. Variables were defined prior to data acquisition (Supple-
mental Table 1).

2.5. Bias

We attempted to eliminate bias by utilizing consecutive sampling by
including all Covid-19 positive patients presenting to the ED to avoid
gathering a skewed sample relative to our hospital's population while
increasing statistical power.

2.6. Study size

Our study population of 556 patients was determined by including
all Covid-19 positive patients presenting through the ED at our institu-
tion within the study date range. During the study period, a total of
7238 adult emergency patient encounters occurred and of these, 2082
encounters were screened for inclusion (Fig. 1) because they had re-
ceived Covid-19 laboratory testing.

2.7. Statistical analysis

Weused descriptive statistics to characterize our full patient popula-
tion as well as severe and non-severe cohorts. Univariate analysis and
chi-squared tests were performed on all collected variables, and p-
values represent the result of Chi-square analysis with continuity cor-
rection. We performed continuity correction to prevent Type-1 error



ED Encounter Screening

All ED Encounters Screened
2082

|
+------> ED Encounters Not Mee�ng Inclusion Criteria

| 1428 Covid-19 PCR nega�ve
| 7 Covid-19 PCR inconclusive (not retested)
|
V

Covid +
Covid-19 Posi�ve Encounters*

647
|

+------> ED Encounters Excluded
| 91 Mul�ple ED Encounters#

| 2 Pa�ents with 4 ED encounters
| 12 Pa�ents with 3 ED encounters
| 61 Pa�ents with 2 ED encounters
|
V

Final 
Cohort

Covid-19 Posi�ve Pa�ents

556

Covid-19 Tes�ng
427 Covid-19 PCR Posi�ve on index ED encounter
129 Covid-19 PCR Posi�ve on another encounter

Fig. 1. Schematic representation of the patient encounter inclusion process.
*Covid-19 positive encounter window was defined as:

-Positive PCR up to 3 weeks BEFORE index ED encounter
-Positive PCR up to 2 weeks AFTER index ED encounter
-Outside health system positive PCR up to 3 weeks before or 2 weeks after the index ED encounter

#For patients with multiple ED encounters during the Covid-19 positive window, the encounter resulting in the highest level of care or most recent encounter (if all same level of care)
during this window was used. Level of care was defined as ICU > Hospital Admission > ED encounter only.
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caused by assuming a chi-square distribution on data with small event
occurrence.

We fitted a multivariable logistic regression model with severe
outcomes as dependent variables and patient characteristics as inde-
pendent variables. To determine variables for inclusion in logistic re-
gression analyses we first selected 25 variables, each with at least 40
event occurrences, that were the most clinically relevant for predicting
severe disease based on previous reports [15,26]. These variables in-
cluded age (in years), sex, dyspnea, cough, sputum production, fevers/
chills, vomiting, diarrhea, anorexia, dizziness/syncope, immunocom-
promised status, obesity, obstructive sleep apnea (OSA), asthma,
chronic obstructive pulmonary disease (COPD), congestive heart failure
(CHF)/cardiomyopathy, coronary artery disease (CAD)/myocardial in-
farction (MI), diabetesmellitus (DM), chronic kidney disease (CDK), hy-
pertension (HTN), hyperlipidemia (HLD), smoking history and home
medications of ACE-inhibitors, angiotensin receptor blockers (ARBs) or
blood thinners. These 25 variables were then subjected to categorical
regression with LASSO elimination, and the top 15 contributing vari-
ables were subsequently run in a binary logistic regression (Table 2).
The resulting odds ratios and p-values from logistic regression analysis
were used to form the final predictive equation. Variables with
p < 0.05 were included in the final predictive equation. We applied
our predictive equation to our cohort to generate probabilities of severe
disease for each patient and generated a receiver operating characteris-
tic (ROC) curve to assess the discriminative ability of this model (Fig. 2).
All analyses were conducted using SPSS v26 (IBM Corp. Released 2017.
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IBM SPSS Statistics for Windows, Version 25.0. Armonk, NY: IBM Corp).
This study was approved by the Institutional Review Board.

3. Results

3.1. Participants

All 556 patients presenting during the study date range meeting our
criteria for Covid-19 positive status were included throughout all as-
pects of our study. Upon conclusion of data acquisition on 05/16/2020,
there were 17 patients who were still admitted to the hospital. How-
ever, 16/17of these patients had alreadymet our criteria for theprimary
endpoint. 113/556 (20.3%) patients tested positive for Covid-19 on a
health system encounter other than the index ED encounter that was
studied.

3.2. Descriptive data

Of the 556 patients included in the study, 371 (66.7%)were admitted
from their ED encounter and 164 (29.4%) experienced the study out-
come of severe illness. A total of 146 (26.2%) patients were transferred
to the ICU during their hospital stay. Eighty-three (15.2%) patients in
total required mechanical ventilation. Forty-six (8.4%) died during the
hospital stay or were discharged to hospice.

The mean age of the study population was 57 ± 17 years (range,
21–95). A total of 296 (53%) were male. Our cohort consisted of 225



Table 1
Demographic characteristics, Comorbidities, Medications, and associated Symptoms of
Covid-19 Positive Patients.

Variablea Total
(n = 556)

Non-Severe
(n = 392)

Severeb

(n = 164)
p-value

Age, mean (SD) 57 (17) 53 (17) 66 (14) <0.0001
Male Sex, n (% total) 296 (53) 193 (49) 103 (63) 0.005
Race
White 225 (40) 146 (37) 79 (48) 0.02
Black 245 (44) 176 (45) 69 (42) 0.60
Hispanic 5 (0.9) 4 (1.0) 1 (0.6) 1.0
Asian 30 (5.4) 24 (6.1) 6 (3.7) 0.33
Other or Unknownc 56 (10) 46 (12) 10 (6.1) 0.06

Smoking Status
Current or Former 182 (33) 108 (28) 74 (45) <0.0001

Comorbidities
Asthma 99 (18) 71 (18) 28 (17) 0.87
COPD 40 (7.2) 16 (4.1) 24 (15) <0.0001
Interstitial Lung Disease 11 (2.0) 4 (1.0) 7 (4.3) 0.03
Obesity 274 (49) 195 (50) 79 (48) 0.81
Obstructive Sleep Apnea 93 (17) 54 (14) 39 (24) 0.006
Neuromuscular Disease 8 (1.4) 6 (1.5) 2 (1.2) 1.0
Heart Failure or
Cardiomyopathy

56 (10) 31 (7.9) 25 (15) 0.01

Cardiovascular Disease 71 (13) 33 (8.4) 38 (23) <0.0001
Cerebrovascular Disease 39 (7.0) 21 (5.4) 18 (11) 0.03
Hypertension 290 (52) 178 (45) 112 (68) <0.0001
Hyperlipidemia 155 (28) 104 (27) 51 (31) 0.32
Diabetes Mellitus 172 (31) 100 (26) 72 (44) <0.0001
Hypothyroidism 36 (6.5) 21 (5.4) 15 (9.1) 0.14
HIV Infection 6 (1.1) 5 (1.3) 1 (0.6) 0.81
Immunocompromised Status 57 (10) 28 (7.1) 29 (18) <0.0001
Active Malignancy 21 (3.8) 10 (2.6) 11 (6.7) 0.04
Active Pregnancy 9 (1.6) 7 (1.8) 2 (1.2) 0.91
Chronic Kidney Disease 91 (16) 42 (11) 49 (30) <0.0001
Seizure Disorder 12 (2.2) 4 (1.0) 8 (4.9) 0.01
Liver Disease 16 (2.9) 15 (3.8) 1 (0.6) 0.07
Dementia 27 (4.9) 11 (2.8) 16 (9.8) 0.001
Pulmonary Hypertension 7 (1.3) 3 (0.8) 4 (2.4) 0.23
Previous Pulmonary
Embolism

14 (2.5) 9 (2.3) 5 (3.0) 0.83

Medication
ACE inhibitor 95 (17) 56 (14) 39 (24) 0.01
ARB 75 (13) 49 (13) 26 (16) 0.36
Anti-coagulation 42 (7.6) 26 (6.6) 16 (9.8) 0.27

Symptoms
Dyspnea 419 (75) 281 (72) 138 (84) 0.003
Wheezing 13 (2.3) 10 (2.6) 3 (1.8) 0.84
Cough 457 (82) 325 (83) 132 (80) 0.58
Sputum production 64 (12) 46 (12) 18 (11) 0.91
Blood in sputum 10 (1.8) 6 (1.5) 4 (2.4) 0.70
Sore throat 57 (10) 42 (11) 15 (9.1) 0.69
Fever or chills 429 (77) 303 (77) 126 (77) 0.99
Rhinorrhea or congestion 107 (19) 85 (22) 22 (13) 0.03
Myalgia or arthralgia 202 (36) 160 (41) 42 (26) 0.001
Fatigue or malaise 211 (38) 148 (38) 63 (38) 0.96
Headache 94 (17) 80 (20) 14 (8.5) 0.001
Loss of appetite 127 (23) 87 (22) 40 (24) 0.65
Diarrhea 183 (33) 131 (33) 52 (32) 0.77
Nausea 115 (21) 84 (21) 31 (19) 0.58
Vomiting 51 (9.2) 33 (8.4) 18 (11) 0.43
Abdominal pain 42 (7.6) 32 (8.2) 10 (6.1) 0.51
Chest pain or tightness 123 (22) 104 (27) 19 (12) <0.0001
Loss of smell or taste 42 (7.2) 39 (10) 3 (1.8) 0.002
Altered mental status 37 (6.7) 15 (3.8) 22 (13) <0.0001
Weakness 71 (13) 45 (11) 26 (16) 0.20
Lightheadedness or syncope 47 (8.5) 33 (8.4) 14 (8.5) 1.0

Data presented as mean (standard deviation) for continuous variables and number (per-
cent) for categorical variables. Univariate comparisons between the severe and non-se-
vere groups were performed using a Student's t-test for continuous data and chi-square
tests for categorical data.
Abbreviations: ICU, intensive care unit; ACE, angiotensin converting enzyme; ARB, angio-
tensin-receptor blocker.
Bolded p-values indicate significance at a p < 0.05.

a Variables are defined in Supplemental Table 1.
b Includes ICU admission, ventilator status, death during hospitalization, or discharge to

hospice due to Covid-19.
c Includes patients whodid not belong to in any of the above categories or patients with

an unknown race.

Fig. 2. Receiver operator characteristic (ROC) curve demonstrating the discriminative
ability of our model applied to our total cohort of patients.
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(40%) self-identifying asWhite and 245 (44%) as Black (Table 1). Symp-
toms most commonly reported by Covid-19-positive patients were
cough (82%), dyspnea (75%), and fever or chills (77%). In total, 536
(96%) experienced one or more of these symptoms.

3.3. Outcome data

Patients with severe outcomes were found to have a higher mean
age than those with non-severe outcomes (66 vs 53 years) and were
more likely to be male (63% vs 49%). Those with severe outcomes
were additionallymore likely to have comorbid illnesses. Thiswas espe-
cially true with regard to chronic obstructive pulmonary disease
(COPD), interstitial lung disease (ILD), obstructive sleep apnea (OSA),
heart failure/cardiomyopathy, cardiovascular disease, cerebrovascular
disease, history of seizure, hypertension, diabetesmellitus (DM), immu-
nocompromised status, active malignancy, chronic kidney disease
(CKD), and dementia. Patients with severe outcomes were also more
likely to have ACE inhibitors (ACE-Is) on their home medication list
(Table 1). Current or former smokers were also at increased risk.
Therewere also prominent differences in the symptoms reported by pa-
tients with severe versus non-severe outcomes, with dyspnea being
most significantly associated with severe outcomes. (Table 1).

3.4. Main results

Significant predictors associated with severe outcomes included in-
creasing age (adjusted odds ratio [OR], 1.05; 95% confidence interval
[CI], 1.03–1.06), dyspnea (OR, 2.56; 95% CI: 1.51–4.33), male sex (OR,
1.70; 95% CI: 1.10–2.64), immunocompromised status (OR, 2.22; 95%
CI: 1.17–4.16) and CKD (OR, 1.76; 95% CI: 1.01–3.06) (Table 2). Hyper-
lipidemia was found to be negatively associated with severe disease
(OR, 0.54; 95% CI: 0.33–0.90). These variables were used to generate
an equation to predict the probability of severe disease related to
Covid-19 infection, where Xvariable is entered as 1 or 0 depending on
the presence or absence of that variable (Eq. 1). The model appeared
well calibrated (Hosmer-Lemeshow p = 0.60). The area under the
381



Table 2
Adjusted Predictors of a Composite of ICU Admission, Mechanical Ventilation, and Death
from Multivariable Logistic Regression Analysis in Patients Testing Positive for Covid-19
(n = 556).

Risk Factor Adjusted Odds
Ratio

95% Confidence
Interval

p-value

Age 1.05 1.03–1.06 <0.0001
Immunocompromised status 2.21 1.17–4.16 0.01
Dyspnea 2.56 1.51–4.33 0.004
Vomiting 1.49 0.73–3.02 0.27
Chronic kidney disease 1.76 1.01–3.06 0.05
COPD 1.47 0.68–3.18 0.33
Diabetes Mellitus 1.32 0.83–2.09 0.25
ACE inhibitor 1.40 0.81–2.44 0.23
Male sex 1.70 1.10–2.64 0.02
Obesity 1.37 0.86–2.18 0.19
Current or former smoker 1.32 0.83–2.08 0.24
Obstructive sleep apnea 1.54 0.89–2.67 0.12
Cardiovascular diseasea 1.41 0.77–2.58 0.27
Hypertension 1.15 0.69–1.92 0.59
Hyperlipidemia 0.54 0.33–0.90 0.02

Abbreviations: ICU, intensive care unit; COPD, chronic obstructive pulmonary disease;
ACE, angiotensin converting enzyme.
Bolded p-values indicate significance at a p < 0.05.

a Includes patients with a history of coronary artery disease or a history of myocardial
infarction.
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ROC curve of the model (Fig. 2) showed fair ability to discriminate be-
tween patients with severe and non-severe outcomes (AUC: 0.76).
Treatment of the 10 patients with missing smoking status as current
or former smokers (rather than non-smokers) did not alter the results
of univariate or multivariable analyses.

Equation 1: Predictive model for patients with cough

psevere ¼
ⅇ−5:27þ0:04x ageð Þþ0:53x maleð Þþ0:94x dyspneað Þþ0:79x immunocompromiseð Þþ0:57x CKDð Þ−0:61x HLDð Þ

1þ ⅇ−5:27þ0:04x ageð Þþ0:53x maleð Þþ0:94x dyspneað Þþ0:79x immunocompromiseð Þþ0:57x CKDð Þ−0:61x HLD:ð Þ

4. Discussion

Age, male sex, dyspnea, immunocompromised status, and chronic
kidney disease were found to be the strongest predictors of disease se-
verity, and hyperlipidemia was found to be a protective factor. Consis-
tent with previous reports, advanced age was found to be the most
significant predictor of severe outcomes [27]. Male sex has also been
previously reported as a risk factor for poor outcomes in Covid-19 pa-
tients [28]. Immunocompromised status has had inconsistent associa-
tions with severe illness in the literature, depending on the underlying
cause of immune suppression. A review of recent studies indicates
that immunosuppression secondary to treatment of solid tumors is as-
sociated with severe disease while use of biologic agents for autoim-
mune diseases may not be [29]. Our results suggest that patients with
CKDmay be at high risk of severe outcomes, consistent with other stud-
ies [27,30]. The protective effect of hyperlipidemia in our analysis has
not been previously reported and may be due to the indirect effect of
statins, which have been implicated in the modulation of virus replica-
tion and degradation, contributing to control of infection [31,32]. Statin
use was not a component of our primary data collection. Univariate
analysis in our study suggests a higher incidence of severe disease
from Covid-19 infection among whites which is discordant with other
reports [33]. This is likely explained by the significant differences in
mean age between white (mean 60, SD 18) and non-white (mean 55,
SD 17) patients in our cohort (p = 0.006).

4.1. Interpretation

Here, we demonstrate a novel approach to predict a patient's risk
of severe disease from Covid-19 infection based exclusively on
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information that can be collected remotely. We focused on predicting
which Covid-19 positive patients would have poor clinical outcomes,
rather than trying to determine their risk for infection. Not all individ-
uals infectedwith Covid-19 need to be seen, and unnecessarily bringing
those with the virus into public spaces for evaluation will lead to pre-
ventable transmission. Our fear in simply having those infected with
Covid-19 self-quarantine is, of course, that this disease can be life-
threatening for some. Thus, we propose that the most useful aspect of
Covid-19 risk-stratification is not the probability of infection, but rather
the probability of an individual's susceptibility to that infection.We rec-
ommend that all individuals with fever, cough, or other Covid-19 re-
lated symptoms quarantine, however only those likely to experience
poor outcomes need to present for in-person evaluation. This eliminates
the need for a purely diagnostic model such as the one proposed by
Menni et al.24. By facilitating clinical prognostication without unneces-
sary exposure to patients and providers in screening facilities and
clinics, our model has the capability of minimizing nosocomial spread
while ensuring that the most at risk patients receive appropriate care.

Our predictive model was also designed to minimize overfitting by
carefully selecting candidate variables of high clinical relevance and suf-
ficient event occurrence as recommended by Babyak et al. [34] Use of
automatic selection methods with a large number of clinically insignifi-
cant variables with low event frequency, as described in previous pre-
dictive models, results in high risk of overfitting results and may lead
tomisleading prognostications [20]. In addition, other models excluded
patientswho failed to experience theprimary outcomeby the endof the
study period, potentially introducing systematic bias [35].

As countries transition to amore liberal testing policy amid efforts to
safely reopen their economies, another potential use for our model is to
prioritize patients in need of testing, allocating supplies to those with a
predisposition to poor outcomes. Currently, criteria for testing is highly
varied, unstandardized, and rapidly evolving, as availability of testing
suppliesfluctuates [36]. A predictivemodel that prioritizes high-risk pa-
tients may allow for more appropriate allocation of resources.

While this proof-of-concept studydoesnothave the sample sizeor re-
gional and institutional diversity to justify changes to management rec-
ommendations, we believe that there is value in utilizing larger
emerging datasets to generate more robust predictive models based on
variables that may be collected remotely. For example, the VIRUS study
from the Society of Critical Care Medicine has collected many of the
same variables as in our study on a larger scale [37]. A multivariable
model based on these larger datasets may have sufficient validation to
change clinical decision making and improve our approach to remote
risk-stratification. Furthermore, in EMR systemswhere presenting symp-
toms and past medical history are reliability recorded as structured data,
validation of our model or similar model may be performed rapidly.

4.2. Limitations

Limitations of our study include small sample size, which increases
the potential for type-II error. Owing to insufficient event occurrence,
conditions of clinical interest such as interstitial lung disease and neuro-
muscular disease could not be included in our model but likely possess
prognostic utility. Our study also has the limitations of a single institu-
tion retrospective study. As there were 17 patients who were still in
the hospital at the end of our data collection period, our mortality and
mechanical ventilation numbers may be underestimated.

Due to the nature of retrospective chart-review, symptom data has
the potential for bias based on history taking and documentation. We
found that critically ill patients tended to have less thorough histories
and reviews of systems. In addition, history taking may have been lim-
ited in patients with altered mental status or dementia. To gather the
most accurate representation of each patient's presentation, we took a
composite ofmultiple provider notes,whichmay represent a level of in-
formation that would be difficult to ascertain remotely during a brief
phone or electronic interaction. Furthermore, although our chart review
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process utilized two senior medical students, we did not perform dou-
ble data entry and thuswere unable to assess interrater reliability. How-
ever, this is partially mitigated by the fact that only the presence of
symptoms and past medical history were determined by chart review.
Outcomes were extracted from the EMR by automated methods.
While our study used a differential follow up time to assess the primary
outcome, only 1/164 patients meeting the primary outcome did so after
our minimum follow up time of 21 days. This patient died on hospital
day 24. Finally, our cohort was obtained during the first Covid-19
surge with peak prevalence within the region. It is possible that, as we
reach a lower prevalence steady state, the threshold for patients to
reach outcomes such as ICU admission will differ.

Finally, as a tertiary care center in which complex patients present
for care, our data may have reduced generalizability. Our cohort had
higher rates of ICU admission than previous reports from New York,
though we had similar rates of mechanical ventilation [38]. Thus, rates
of and indications for ICU level care may differ by patient population
and institution, limiting generalizability. To overcome these limitations,
we encourage the application of larger multi-institutional datasets to
develop predictivemodels based on the general workflowwe have pre-
sented here.

5. Conclusions

In our single institution cohort, a model using only demographic
data, comorbidities and the presenting symptom of dyspnea can be uti-
lized to predict severity of Covid-19 infection. We encourage other
groups with larger, multi-institutional datasets to develop predictive
models to risk stratify patients by their risk of severe disease resulting
from Covid-19 infection based on information that can be collected
without direct patient contact.
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