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ABSTRACT
Objectives To develop and validate a clinical risk score 
that can accurately quantify the probability of SARS- CoV- 2 
infection in patients presenting to an emergency department 
without the need for laboratory testing.
Design Cohort study of participants in the Canadian 
COVID- 19 Emergency Department Rapid Response Network 
(CCEDRRN) registry. Regression models were fitted to 
predict a positive SARS- CoV- 2 test result using clinical and 
demographic predictors, as well as an indicator of local SARS- 
CoV- 2 incidence.
Setting 32 emergency departments in eight Canadian 
provinces.
Participants 27 665 consecutively enrolled patients who 
were tested for SARS- CoV- 2 in participating emergency 
departments between 1 March and 30 October 2020.
Main outcome measures Positive SARS- CoV- 2 nucleic acid 
test result within 14 days of an index emergency department 
encounter for suspected COVID- 19 disease.
Results We derived a 10- item CCEDRRN COVID- 19 Infection 
Score using data from 21 743 patients. This score included 
variables from history and physical examination and an 
indicator of local disease incidence. The score had a c- statistic 
of 0.838 with excellent calibration. We externally validated 
the rule in 5295 patients. The score maintained excellent 
discrimination and calibration and had superior performance 
compared with another previously published risk score. Score 
cut- offs were identified that can rule- in or rule- out SARS- 
CoV- 2 infection without the need for nucleic acid testing with 
97.4% sensitivity (95% CI 96.4 to 98.3) and 95.9% specificity 
(95% CI 95.5 to 96.0).
Conclusions The CCEDRRN COVID- 19 Infection Score uses 
clinical characteristics and publicly available indicators of 
disease incidence to quantify a patient’s probability of SARS- 
CoV- 2 infection. The score can identify patients at sufficiently 

high risk of SARS- CoV- 2 infection to warrant isolation and 
empirical therapy prior to test confirmation while also 
identifying patients at sufficiently low risk of infection that they 
may not need testing.
Trial registration number NCT04702945.

Strengths and limitations of this study

 ► Patients were enrolled in a large, geographically 
distributed network of Canadian urban, regional 
and rural emergency departments, with strict data 
quality and cleaning protocols to ensure reliability of 
collected data.

 ► In addition to clinical variables, we also included the av-
erage daily incidence of SARS- CoV- 2 infections in a pa-
tient’s health region, which is an essential predictor of 
the probability of a patient’s risk of COVID- 19 infection.

 ► Some missing data required either multiple imputation 
or classification of missing categorical variables as be-
ing absent, but the overall missingness of data in this 
registry is very low.

 ► Although the data collection for the Canadian COVID- 19 
Emergency Department Rapid Response Network reg-
istry relies on abstraction from health records, this ap-
proach has been shown to be reliable in our study sites 
when compared with prospective data collection.

 ► This risk score was developed using data from patients 
enrolled in the first 9 months of the pandemic when 
rates of influenza were low, so the score may need to 
be revalidated and refined in the future to reflect the in-
fluence of influenza, the emergence of variant strains of 
SARS- CoV- 2 and widespread population immunisation 
on patients’ risk of infection.
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INTRODUCTION
To date, the WHO has reported 190 million diagnosed 
cases of COVID- 19 with 4.2 million fatalities.1 Despite 
the availability of vaccines to prevent COVID- 19, incom-
plete population- level immunisation and the emergence 
of variants of concern means that hospitals around the 
world need to continue to identify and isolate patients 
with suspected COVID- 19 from the time they arrive in the 
emergency department until their SARS- CoV- 2 test results 
are available. In acutely ill patients, clinicians may need 
to initiate empirical therapy immediately. A quantitative 
risk score that can accurately predict the probability of a 
positive SARS- CoV- 2 test result would guide initial isola-
tion and empirical therapy prior to nucleic acid amplifi-
cation test (NAAT) test result availability while identifying 
patients with sufficiently low probability of COVID- 19 
who may not require testing or isolation.

Many risk prediction tools have been developed to 
predict the probability of SARS- CoV- 2 infection.2–14 
A living systematic review of these models concluded 
that most were generated using poor methodological 
approaches and none were ready for widespread use.2 
Most published risk prediction tools, including one identi-
fied as promising by the living systematic review, included 
early laboratory or imaging findings, thus precluding 
their utility to guide immediate isolation and clinical 
decisions at the time of first clinical contact. Other risk 
prediction tools using machine learning included labora-
tory and imaging results and can only be implemented in 
hospitals using electronic health records with integrated 
decision support. None of these models accounted for 
the prevalence of COVID- 19 disease in the local popula-
tion, which is an important risk predictor, and most only 
included patients from the early stages of the pandemic.2

The objective of this study is to develop a clinical risk 
score to predict the probability of a positive SARS- CoV- 2 
nucleic acid test in a large, generalisable population of 
patients presenting to emergency departments using only 
clinical characteristics and indicators of local SARS- CoV- 2 
incidence. This risk score is intended to guide SARS- 
CoV- 2 testing, isolation and empirical therapy decisions 
without relying on other laboratory testing or diagnostic 
imaging. This score could be invaluable in settings that 
may not have access to adequate resources for timely 
SARS- CoV- 2 testing.

METHODS
This analysis uses data from the Canadian COVID- 19 Emer-
gency Department Rapid Response Network (CCEDRRN; 
pronounced ‘SED- rin’). CCEDRRN is an ongoing multi-
centre, pan- Canadian registry that has been enrolling 
consecutive patients presenting to emergency depart-
ments with suspected COVID- 19 disease in hospitals in 8 of 
10 Canadian provinces since 1 March 2020.15 Information 
on the network, including detailed methods and partici-
pating sites, is available elsewhere.15 Sites and enrolment 
periods are shown in the, online supplemental appendix, 

table 1. Additional information on network sites is avail-
able in the online supplemental network appendix. This 
study follows the methodological and reporting recom-
mendations outlined in the transparency in reporting of 
a multivariable prediction model for individual diagnosis 
and prognosis criteria.16 The CCEDRRN data collection 
form includes prespecified demographic and social vari-
ables, vital signs, symptoms and comorbid conditions 
(derived from the International Severe Acute Respi-
ratory and Emerging Infection Consortium reporting 
form),17 18 exposure risk variables, hospital laboratory and 
diagnostic imaging test results, SARS- CoV- 2 NAAT results 
and patient outcomes. Data were abstracted at each site 
using electronic medical record extraction where avail-
able as well as manual review of either electronic or paper 
charts (depending on site- specific documentation prac-
tices) by trained research assistants who were blinded to 
the potential predictor variables at the time of data collec-
tion. Reliability of health record data abstraction was eval-
uated by comparison with prospective data collection in a 
sample of patients and found to be reliable.15

Each consecutive, eligible patient enrolled in the registry 
was assigned a CCEDRRN unique identifier. Trained 
research assistants entered anonymised participant data 
into a REDCap database (V.10.9.4; Vanderbilt University, 
Nashville, Tennessee, USA). Regular data quality checks 
including verification of extreme or outlying values were 
performed by each participating site, coordinated by the 
CCEDRRN coordinating centre.

Participants
We included data from consecutive patients tested for 
SARS- CoV- 2 at 32 CCEDRRN sites. From each site’s start 
date forward, we included consecutive eligible patients 
aged 18 years and older who had a biological sample 
(swab, endotracheal aspirate and bronchoalveolar lavage) 
specimen collected for NAAT on their index emergency 
department visit or, if admitted, within 24 hours of emer-
gency department arrival. For patients with multiple 
emergency department encounters involving COVID- 19 
testing, we only used the first encounter in this analysis.

We excluded patients who had a positive SARS- CoV- 2 
NAAT within 14 days prior to their emergency depart-
ment visit, patients with cardiac arrest prior to emergency 
department arrival and those with missing outcome data.

Predictors
Candidate predictors were chosen based on clinical 
consensus and availability within the CCEDRRN registry. 
Predictors included known risk factors for SARS- CoV- 2 
infection, including work as a healthcare provider, institu-
tional living (ie, long- term care and prison), close personal 
or household contacts with SARS- CoV- 2 infection and 
symptoms including cough, anosmia or dysgeusia, fever, 
myalgias and vital signs on emergency department arrival. 
The full list of candidate variables and their definitions 
are available in the (online supplemental appendix table 
2).

https://dx.doi.org/10.1136/bmjopen-2021-055832
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Table 1 Characteristics and selected outcomes of enrolled 
patients

  Derivation (n=21 743) Validation 
(n=5922)

Age in years, median 
(IQR)

57 (38–73) 56 (37–73)

Female (%) 10 992 (50.5) 3085 (52.1)

Arrival from, n (%)

  Home 19 879 (91.4) 5429 (91.7)

  Long- term care/
rehabilitation facility/
corrections facility

1000 (4.6) 262 (4.4)

  No fixed address/
shelter/single room 
occupancy

574 (2.6) 201 (3.4)

  Interhospital transfer 290 (1.3) 30 (0.5)

Risk for infection, n (%)

  Healthcare worker 505 (2.3) 567 (9.6)

  Household/caregiver 
contact

566 (2.6) 161 (2.7)

  Institutional exposure 
(eg, LTC, prison)

1354 (6.2) 213 (3.6)

  Microbiology lab 4 (0.0) 8 (0.1)

  Travel 924 (4.2) 344 (5.8)

  Other 1320 (6.1) 449 (7.6)

  Unknown 5415 (24.9) 1856 (31.3)

  No documented risk 
for infection

10 028 (46.1) 1075 (18.1)

Arrival vital signs, median 
(IQR)

  Body temperature 36.7 (36.3–37.1) 36.8 (36.5–37.1)

  Heart rate 91 (79–107) 90 (78–105)

  Oxygen saturation 97 (95–98) 97 (95–99)

  Respiratory rate 18 (18–20) 18 (16–20)

  Systolic blood pressure 133 (118–150) 136 (120–149)

Common comorbid 
conditions, n (%)

  Active malignant 
neoplasm (cancer)

1678 (7.7) 333 (5.6)

  Asthma 1699 (7.8) 468 (7.9)

  Atrial fibrillation 1598 (7.3) 402 (6.8)

  Chronic kidney disease 1214 (5.6) 321 (5.4)

  Chronic lung disease 
(not asthma/pulmonary 
fibrosis)

1729 (8) 583 (9.8)

  Chronic neurological 
disorder (not dementia; 
eg, stroke/TIA, seizure 
disorder)

1310 (6) 400 (6.8)

  Congestive heart 
failure

1450 (6.7) 368 (6.2)

  Coronary artery 
disease

1591 (7.3) 449 (7.6)

  Dementia 734 (3.4) 188 (3.2)

  Diabetes 2583 (11.9) 916 (15.5)

Continued

  Dialysis 198 (0.9) 28 (0.5)

  Dyslipidaemia 2375 (10.9) 543 (9.2)

  Hypertension 6320 (29.1) 1697 (28.6)

  Hypothyroidism 1344 (6.2) 397 (6.7)

  Mild liver disease 280 (1.3) 90 (1.5)

  Moderate/severe liver 
disease

245 (1.1) 88 (1.5)

  Obesity (clinical 
impression)

284 (1.3) 108 (1.8)

  Organ transplant 128 (0.6) 19 (0.3)

  Rheumatological 
disorder

1122 (5.2) 258 (4.4)

  Other 10 075 (46.3) 2174 (36.7)

  Past malignant 
neoplasm (cancer)

936 (4.3) 256 (4.3)

  Psychiatric condition/
mental health 
diagnosis

2967 (13.6) 831 (14)

  Pulmonary fibrosis 80 (0.4) 26 (0.4)

Symptoms reported, n 
(%)

  Abdominal pain 2725 (12.5) 540 (9.1)

  Altered consciousness/
confusion

1456 (6.7) 322 (5.4)

  Bleeding 
(haemorrhage)

330 (1.5) 22 (0.4)

  Chest pain (includes 
discomfort or 
tightness)

4242 (19.5) 974 (16.4)

  Chills 2045 (9.4) 594 (10)

  Conjunctivitis 49 (0.2) 26 (0.4)

  Cough 7724 (35.5) 2663 (44.9)

  Diarrhoea 2140 (9.8) 526 (8.9)

  Dizziness/vertigo 1521 (7) 300 (5.1)

  Dysgeusia/anosmia 140 (0.6) 33 (0.6)

  Ear pain 144 (0.7) 30 (0.5)

  Fatigue/malaise 3361 (15.5) 924 (15.6)

  Fever 5055 (23.2) 1580 (26.7)

  Headache 2144 (9.9) 624 (10.5)

  Hemoptysis (bloody 
sputum)

298 (1.4) 66 (1.1)

  Joint pain (arthralgia) 296 (1.4) 82 (1.4)

  Lower chest wall 
indrawing

10 (0) 7 (0.1)

  Lymphadenopathy 67 (0.3) 21 (0.4)

  Muscle aches (myalgia) 1575 (7.2) 517 (8.7)

  Nausea/vomiting 4219 (19.4) 935 (15.8)

  No recorded symptoms 2113 (9.7) 431 (7.3)

  Runny nose 
(rhinorrhoea)

1061 (4.9) 501 (8.5)

  Seizures 205 (0.9) 42 (0.7)

  Shortness of breath 
(dyspnoea)

8537 (39.3) 2383 (40.2)

Table 1 Continued

Continued
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In addition to these clinical variables, the 7- day 
average incident COVID- 19 case count was calculated 
for the health region of each participating site using 
publicly available epidemiological data.19 For each 
calendar day within each health region represented 
in the study, we calculated the average daily incident 
rate of new infections per 100 000 population over the 
preceding 7 days. This 7- day average incidence was 
assigned to each patient based on the date of their 
index emergency department encounter and the health 
region of the forward sortation area of their postal code 
of residence. For patients with no fixed address, we 
allocated them to the health region of the hospital in 
which they were tested. As publicly available incident 
COVID- 19 case data were not available for the early 
pandemic, we imputed values for the first 5 weeks of the 
pandemic by modelling the reported COVID- 19 cases 
that had accumulated in every health region over time 
using linear interpolation (0.1% missing).

Outcome
The primary outcome of this analysis was the diagnosis 
of SARS- CoV- 2 infection using a criterion standard of a 
positive NAAT at the time of index emergency depart-
ment visit or within 14 days after the index encounter.

Sample size and precision
The 46 candidate predictors had 52 degrees of freedom 
and with an expected SARS- CoV- 2 infection rate of 5%, 
a sample size of 1040 was sufficient for the derivation 
cohort based on an anticipated event rate of less than 
20% and a requirement for 20 outcomes per degree of 
freedom.20 Over 21 000 patients were available for the 
derivation cohort at the time of analysis, providing more 
than sufficient data for reliable prediction modelling.

Model development and validation
We randomly assigned study sites to the derivation 
and validation cohorts with the goal of assigning 75% 
of eligible patients and outcome events to the deriva-
tion cohort and 25% to the validation cohort. Thus, 
the derivation and validation cohorts are geographi-
cally distinct. Within the derivation cohort, candidate 
predictors were examined for colinearity and missing 
or extreme values. In the presence of colinearity, one 
predictor was dropped from the set of candidate predic-
tors. Five multiple imputations were used for contin-
uous variables with missing data. Patients with values 
of ‘not recorded’ for categorical variables (eg, smoking 
and need for supplemental oxygen) were assumed to 
have the reference value (ie, ‘no’) for that categorical 
variable. The initial logistic regression model consid-
ered all candidate predictors, with continuous predic-
tors fit with restricted cubic splines with three knots. 
The strengths of associations between predictors and 
outcome were assessed using an analysis of variance 
plot to inform the df to allocate to each predictor. The 
model was fit again with these changes. A fast step- 
down procedure reduced the model to key predictors 
based on an Akaike’s information criterion stopping 
rule with a threshold of 120 to enable a model with 
a relatively small number of predictors that would be 
clinically easy to use. Internal bootstrap validation with 
1000 bootstrap samples was conducted to provide an 
optimism- corrected C- statistic. Continuous predictors 
were categorised based on the relationship between the 
spline function and outcome.

We then developed the points- based CCEDRRN 
COVID- 19 Infection Score (CCIS) using a nomo-
gram to assign integer point values for each variable 
included in the derived model. Discrimination of the 
score was evaluated using the c- statistic. Calibration was 
evaluated using calibration curves and comparison of 
observed and expected outcomes. Diagnostic perfor-
mance was evaluated using sensitivity and specificity, 
predictive values and likelihood ratios at different point 
thresholds.

We then evaluated the discrimination, calibration 
and performance characteristics of the CCIS in an 
external validation cohort of patients from geograph-
ically distinct study sites who were not part of the deri-
vation cohort.

Validation of previously published models
We used our combined (derivation and validation) 
study cohort to externally validate the COvid Rule 
out Criteria (CORC) score developed by Kline et al3 
(although we were not able to include race and ethnicity 
variables as these are not reliably recorded or reported 
in most Canadian hospitals). We compared measures 
of discrimination and calibration, along with sensitivity 
and specificity of risk score values for the CCIS and 
CORC (with race and ethnicity variables removed). We 
split each score into categories of low, moderate and 

  Skin rash 241 (1.1) 38 (0.6)

  Skin ulcers 27 (0.1) <5

  Sore throat 3024 (13.9) 985 (16.6)

  Sputum production 1507 (6.9) 401 (6.8)

  Wheezing 582 (2.7) 130 (2.2)

Tobacco use, n (%) 1852 (8.5) 616 (10.4)

Illicit substance use, n 
(%)

1219 (5.6) 353 (6.0)

Oxygen required in ED, 
n (%)

1919 (8.8) 627 (10.6)

Hospital admission, n (%) 9913 (45.6) 2446 (41.3)

In- hospital death, n (%) 753 (3.5) 213 (3.6)

7- day average incident 
COVID- 19 cases, median 
(IQR)

1.3 (0.73.2) 0.96 (0.5–1.3)

SARS- CoV- 2 positive, 
n (%)

940 (4.3) 227 (3.8)

ED, emergency department; LTC, long- term care; TIA, transient 
ischaemic attack.

Table 1 Continued
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high risk for SARS- CoV- 2 infection. Low risk was defined 
as a score having a sensitivity for ruling out infection of 
95% or higher. High risk was defined as a score having 
a specificity for ruling in infection of 95% or higher. We 
compared the performance of the two scores by calcu-
lating net reclassification improvement across low- risk, 
moderate- risk and high- risk categories.21 22

All analyses were performed in R23 using the rms 
package.24

Role of the funding sources
The funding organisations had no role in the study 
conduct, data analysis, manuscript preparation or 
submission.

Patient and public involvement
The CCEDRRN governance structure includes patient 
representatives on the Executive Committee, Scientific 
Steering Committee, Protocol Review and Publications 
Committee, Data Access and Monitoring Committee 
and Knowledge Translation Committee. The network 
also has a Patient Engagement Committee composed 
of patient partners from across Canada. Patient part-
ners provided input into study design and selection of 
outcomes for all CCEDRRN analyses and provide advice 
on knowledge sharing and translation strategies.

RESULTS
This analysis is based on 27 665 patients consecutively 
enrolled from 32 participating emergency departments 
between March and October 2020 (figure 1, online 
supplemental appendix table 1). Sites and enrolment 
periods contributing patient data are shown in the online 
supplemental appendix table 1. Of the included patients, 
1167 (4.2%) had a positive SARS- CoV- 2 NAAT result, 
including 1133 who had a positive initial test and 34 who 
tested positive after a negative (27) or indeterminate (7) 
initial NAAT.

The study cohort was subdivided into a derivation 
cohort (21 743 patients from 16 sites, 940 (4.3%) SARS- 
CoV- 2 positive) and a separate external validation cohort 
(5922 patients from 16 different sites, 227 (3.8%) SARS- 
CoV- 2 positive). Demographic and clinical characteristics 
of the derivation and validation cohorts are shown in 
table 1. No continuous variable requiring multiple impu-
tation had more than 3.4% missingness (online supple-
mental appendix table 2).

In the derivation cohort, we derived a 10- variable model 
to predict the probability of a patient having a positive 
SARS- CoV- 2 NAAT. The regression coefficients and ORs 
for each variable in the model are shown in table 2. The 
c- statistic for the derived model was 0.851 with excellent 
calibration.

We created a points- based CCIS using rounded regres-
sion coefficients with a range of −2 to 9 points (table 2). 
The c- statistic of the CCIS in the derivation cohort was 
0.838 (0.824–0.852) with excellent calibration (figure 2). 

A score of zero or less ruled out a positive SARS- CoV- 2 
test result in 5996/21 743 patients (27.6%) with a sensi-
tivity of 96.6% (95% CI 95.2 to 97.7). A score of 4 or 
more was observed in 1338/21 743 patients (6.2%) and 
had a specificity of 95.6 (95% CI 95.3 to 95.8) indicating 
a low frequency of false positives (online supplemental 
appendix table 3).

We then quantified the performance of the CCIS in our 
external validation cohort. In this cohort, the c- statistic for 
the points- based risk score was 0.792 (figure 2). A score 
of zero or less ruled out a positive SARS- CoV- 2 test result 
in 1863/5925 patients (31.4%) with a sensitivity of 94.3% 
(95% CI 90.4 to 96.9). A score of 4 or more was observed 
in 174/5925 patients (2.9%) and had a specificity of 97.8 
(95% CI 97.4 to 98.1) indicating a low frequency of false 
positives (table 3).

In a combined cohort of patients (derivation and vali-
dation combined), we compared the discrimination 
and diagnostic performance of the CCIS to the CORC 
score. The CCIS had a c- statistic of 0.837 compared with 
0.750 for the CORC score (with race/ethnicity variables 
removed) (online supplemental appendix figure 1). 
A CCIS of zero or less ruled out SARS- CoV- 2 infection 
in 28.4% of patients with a sensitivity of 96.1% (online 
supplemental appendix table 4), whereas a CORC score 
of negative one or less ruled out SARS- CoV 2 infection 
in 9.9% of patients with 97.4% (online supplemental 
appendix table 5) sensitivity. Compared with the CORC 

Figure 1 Flow diagram of patients through the study .
ED, emergency department.
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score (with race/ethnicity variables removed), the CCIS 
showed substantial net reclassification improvement 
net reclassification improvement (NRI=0.310,)(online 
supplemental appendix table 6).

DISCUSSION
We have derived and validated a simple clinical risk 
score, the CCIS, to predict the probability of a positive 
SARS- CoV- 2 NAAT in patients presenting to emergency 
departments. It uses only clinical variables available at 
the patient’s bedside, along with a common publicly 
available measure of community COVID- 19 incidence. 
In this study population, the score ruled out SARS- 
CoV- 2 infection with 96.1% sensitivity in almost one- 
third of patients. It also identified patients at high risk 
of infection with over 95% specificity.

In addition to clinical variables, we also included the 
average daily incidence of SARS- CoV- 2 infections in a 
patient’s health region, which is an essential predictor 
of the probability of a patient’s risk of COVID- 19 infec-
tion. Although access to timely incidence data may be 
challenging in under- resourced health systems, this 
information is publicly reported in many health jurisdic-
tions. In practice, the local incidence would likely need 
to be shared within an emergency department on a daily 
basis. We developed data- driven cut- offs for categorisa-
tion of low, moderate and high incidence for calcula-
tion the CCIS. Thus, the clinician would only need to 
know whether local incidence is high, moderate or low 
to use this score, and the incidence category changes 
slowly over time. Patients who live and work in separate 

health regions could be assigned the higher incidence 
value at hospital presentation for a conservative risk 
estimate. Patients in areas with high disease burden will 
automatically score 2 points, meaning that few patients 
in these settings will be classified as low risk. Therefore, 
symptomatic patients would all warrant testing. This 
underscores the need for liberal isolation and testing 
practices in settings with high rates of community SARS- 
CoV- 2 transmission.

The CCIS has several important clinical applications. 
The ability to differentiate patients with high or low 
probability of COVID- 19 disease could guide safe and 
effective patient isolation or cohorting from the time of 
hospital arrival, prior to the availability of SARS- CoV- 2 
test results. Identification of patients with extremely low 
risk of SARS- CoV- 2 infection may even allow safe omis-
sion of testing, which will minimise testing resource 
utilisation in settings with limited testing capacity. 
Identifying patients with a high probability of SARS- 
CoV- 2 infection can help prioritise use of rapid antigen 
testing and initiation of effective empiric therapy in 
critically ill patients prior to availability of NAAT results. 
By presenting risk estimates and sensitivity for all risk 
score values, we allow end- users to choose cut- offs for 
ruling- in and ruling- out SARS- CoV- 2 infection that 
make sense for their setting and application.

Several other risk prediction instruments have been 
developed to predict positive COVID- 19 test results in 
undifferentiated patients. These tools were developed 
in studies with substantial methodological limitations 
and incorporate variables not immediately available at 

Table 2 Adjusted associations between model predictor variables and SARS- CoV- 2 nucleic acid test results

Variable/score component Regression coefficient (SE) Adjusted OR (95% CI) Score value

7- day average incident COVID- 19 cases     

  0–2 daily cases per 100 000 population – – 0

  2–7.99 daily cases per 100 000 population 1.22 (0.09) 3.38 (2.85 to 4.00) 1

  ≥8 daily cases per 100 000 population 2.21 (0.10) 9.09 (7.53 to 10.97) 2

Institutional exposure (eg, LTC, prison) or travel 
from country with known cases within 14 days

0.88 (0.09) 2.40 (2.01 to 2.87) 1

Healthcare worker/microbiology lab 1.10 (0.16) 3.02 (2.22 to 4.10) 1

Household/caregiver contact 1.83 (0.12) 6.25 (4.92 to 7.93) 2

Temperature     

  <36 and no self- reported fever −0.75 (0.3) 0.47 (0.28 to 0.80) -1

  36–37.4 and no self- reported fever – – 0

  ≥37.5 or self- reported fever 1.21 (0.08) 3.36 (2.88 to 3.91) 1

Supplemental oxygen delivered in the ED 0.98 (0.1) 2.66 (2.18 to 3.24) 1

Cough 0.85 (0.08) 2.33 (2.01 to 2.71) 1

Dysgeusia/anosmia 2.03 (0.24) 7.60 (4.76 to 12.15) 2

Muscle aches (myalgia) 0.7 (0.11) 2.02 (1.64 to 2.48) 1

Current tobacco user −1.13 (0.21) 0.32 (0.21 to 0.49) -1

ED, emergency department; LTC, long- term care.

https://dx.doi.org/10.1136/bmjopen-2021-055832
https://dx.doi.org/10.1136/bmjopen-2021-055832
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the time of a patient’s hospital arrival, so are not useful 
to guide early isolation, testing and treatment deci-
sions.2 None of these risk prediction tools considered 
the prevalence of disease in the population. Prevalence 
can substantially change the approach to testing and 
cohorting, and this will become increasingly important 
as prevalence rates drop and selective rather than 
liberal testing may be more appropriate.

US- based investigators recently reported the develop-
ment3 and validation25 of the CORC score using only 
clinical variables. The CORC score contains several 
similar variables to the CCIS. The CORC score included 
race and ethnicity as predictor variables, which may 
limit the generalisability of the CORC score beyond the 
urban American population in which it was developed, 
as it does not reflect the international diversity of ethnic 

Figure 2 Distribution and performance of the CCEDRRN COVID- 19 infection score in the derivation cohort (left panel) and 
validation cohorts (right panel): (A) distribution of the score, (B) observed in- hospital mortality across the range of the score, (C) 
predicted versus observed probability of in- hospital mortality and (D) receiver operating characteristic curve with area under the 
curve and associated 95% CI. CCEDRRN, Canadian COVID- 19 Emergency Department Rapid Response Network.
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backgrounds. Moreover, it is unlikely race or ethnicity 
represents a biological risk. The association between 
race and ethnicity and SARS- CoV- 2 infection in the 
CORC score likely reflects other sociodemographic and 
geographic predictors of the risk of COVID- 19 infec-
tion in the American population.25 The CCIS uses the 
7- day average local incidence as an estimate of popu-
lation risk. We believe this approach is more general-
isable across populations and better reflects individual 
patients’ pretest probability of SARS- CoV- 2 infection.26

Strengths and limitations
The cohorts used to derive and validate the rule included 
comprehensive data on consecutive eligible patients 
from a large, geographically distributed network of 
Canadian urban, regional and rural emergency depart-
ments. Strict data quality protocols and data cleaning 
protocols ensured the reliability of collected data. This 
score may be employed at the time of a patient’s arrival 
to hospital, does not require the use of additional labora-
tory testing or imaging nor the use of electronic calcula-
tors or electronic medical records for implementation.

Some missing data required either multiple impu-
tation or classification of missing categorical variables 
as being absent. The overall missingness of data in 
this registry is very low.15 Although the data collection 
for the CCEDRRN registry relies on abstraction from 
health records, this approach has been shown to be reli-
able in our study sites when compared with prospective 
data collection.15

The clinical variables in the model are not likely 
to be sensitive to changes in geographical changes 
in SARS- CoV- 2 epidemiology. The variable of travel 
from a country with high incidence may become less 

informative as the pandemic has spread globally and 
‘hot spots’ change. However, high- prevalence areas may 
change over time, meaning that the risk factor of travel 
from a region with a high prevalence is likely to still be 
informative.

This risk score was developed using data from patients 
enrolled in the first nine months of the pandemic when 
rates of influenza were low. As such, the score may need 
to be revalidated and refined in the future to reflect the 
influence of influenza, the emergence of variant strains 
of SARS- CoV- 2 and widespread population immunisa-
tion on patients’ risk of infection.

CONCLUSION
We derived and successfully validated the CCIS to accu-
rately predict the probability of SARS- CoV- 2 nucleic 
acid test results in patients presenting to emergency 
departments. The CCIS uses clinical variables, accounts 
for the incidence of SARS- CoV- 2 in the community and 
is ready for immediate clinical use. This score has poten-
tial utility to guide early decisions around SARS- CoV- 2 
test utilisation, patient isolation and empirical therapy 
for patients solely based on clinical assessment.
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