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Abstract
SARS-CoV-19 PCR testing has a turn-around time that makes it impractical for real-time decision-making, and current point-of-
care tests have limited sensitivity, with frequent false negatives. The study objective was to develop a clinical prediction rule to use
with a point-of-care test to diagnose COVID-19 in symptomatic outpatients. A standardized clinical questionnaire was administered
prior to SARS-CoV-2 PCR testing. Data was extracted by a physician blinded to the result status. Individual symptoms were
combined into 326 unique clinical phenotypes. Multivariable logistic regression was used to identify independent predictors of
COVID-19, from which a weighted clinical prediction rule was developed, to yield stratified likelihood ratios for varying scores. A
retrospective cohort of 120 SARS-CoV-2-positive cases and 120 SARS-CoV-2-negative matched controls among symptomatic
outpatients in a Connecticut HMO was used for rule development. A temporally distinct cohort of 40 cases was identified for
validation of the rule. Clinical phenotypes independently associated with COVID-19 by multivariable logistic regression include
loss of taste or smell (olfactory phenotype, 2 points) and fever and cough (febrile respiratory phenotype, 1 point). Wheeze or chest
tightness (reactive airways phenotype, − 1 point) predicted non-COVID-19 respiratory viral infection. The AUC of the model was
0.736 (0.674–0.798). Application of a weighted C19 rule yielded likelihood ratios for COVID-19 diagnosis for varying scores
ranging fromLR 15.0 for 3 points to LR 0.1 for − 1 point. Using a Bayesian diagnostic approach, combining community prevalence
with the evidence-based C19 rule to adjust pretest probability, clinicians can apply a point of care test with limited sensitivity across
a range of clinical scenarios to differentiate COVID-19 infection from influenza and respiratory viral infection.
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Introduction

While COVID-19 outbreaks continue to emerge, accurate di-
agnosis in real-time by office-based clinicians is limited by a
number of factors. Patients with COVID-19 present along
with cases of seasonal respiratory viruses including influenza,
which have overlapping symptoms. SARS-CoV-19 PCR test-
ing has a turn-around time that makes it impractical for imme-
diate decision-making in the clinic. Finally, rapid antigen
point-of-care (POC) tests, when available, have limited sensi-
tivity, with frequent false negatives [1].

Accurate interpretation of a POC rapid test result in clinical
practice relies upon accurate pretest probability estimation [2].

Clinical prediction rules have previously been used to aid in
interpretation of POC diagnostic test results in clinical diag-
nosis, for example in acute pharyngitis [3]. We anticipated the
need in outpatient clinics of an evidence-based clinical predic-
tion rule to use in combination with an imperfect SARS-CoV-
2 POC antigen test for real-time decision-making.

Our hypothesis was that patients with COVID-19 would
present with a spectrum of symptoms that differed from those
with influenza and seasonal respiratory viral infections.

Methods

Participants

We studied the outpatient population of a Connecticut Health
Maintenance Organization (HMO) with 45,300 members and
an electronic medical record, for presenting symptoms in
SARS-CoV-2-positive cases and in contemporaneous symptom-
atic SARS-CoV-2-negative cases. This study was approved by
theYaleUniversity Institutional ReviewBoard. Patients calling a
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COVID-19 hotline or clinic triage were interviewed by trained
nurses using a structured COVID-19 questionnaire, and deci-
sions to order SARS-CoV-2 PCR testing were made upon con-
sultation with a clinician. Study participants were consecutive
adults with symptoms in the spectrum of COVID-19, predomi-
nantly with fever (subjective or self-measured) and cough, who
were tested for SARS-CoV-2 by PCR between March 10, 2020,
and May 26, 2020. Patients with SARS-CoV-2 PCR positive
results (N = 120) were paired with symptomatic SARS-CoV-2
PCR negative patients (N = 120) matched by age, gender, and
date of testing.We predetermined aminimum sample size of 100
cases and 100 controls, allowing for development of a rule con-
taining up to 10 candidate predictor variables, tominimize risk of
model overfitting [4]. Subjects were excluded if a structured
interview had not been performed prior to testing, or if their
SARS-CoV-2 test was resulted as inconclusive (Fig. 1). We also
selected an independent, temporally distinct (May 27, 2020 to
September 23, 2020) cohort of 40 consecutive SARS-CoV-2
PCR positive symptomatic outpatients for validation of the rule.

Symptom Ascertainment

Prior to tests being ordered, patients were interviewed by tri-
age nurses using a structured symptom questionnaire, which

had been developed based on early reports in hospitalized
COVID-19 patients [5]. Data elements obtained from the
structured questionnaire included fever, T max, cough, sore
throat, shortness of breath, wheezing, fatigue, diarrhea, loss of
taste, loss of smell, myalgia, duration of symptoms, healthcare
worker status, and contact with a possible COVID-19 case.
Additional symptoms that might help differentiate COVID-19
from competing influenza and respiratory viruses, but not in-
cluded in the standardized triage questionnaire, were captured
in unstructured clinical notes written by the same nurse or
during a telemedicine visit with a clinician (MD, APRN, or
PA). Symptoms extracted from clinical notes through patient-
level chart review included chills/sweats, dry (nonproductive)
cough, productive cough, chest pain, chest tightness, head-
ache, red/irritated eye, nausea/vomiting, anorexia, nasal con-
gestion/rhinorrhea, sinus pressure/pain, eye/retroorbital pain,
ear pain/ache, and painful/red toes. Physical examinations
were not performed for the safety of patients and staff.

Test Methods

Patients were referred for SARS-CoV-2 PCR testing based on
clinical judgment and local guidelines. At the onset of the
pandemic, testing supplies were scarce and criteria were strict,
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Fig. 1 Flow of data collection
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limiting testing to patients with fever, cough, and/or suspected
COVID-19 contact. In later stages of data-gathering, criteria
for testing had relaxed and included patients with a broad
spectrum of viral syndromes. Nasopharyngeal samples were
obtained at drive-through testing sites by trained clinical per-
sonnel. Patients were determined to have COVID-19 or a non-
COVID-19 respiratory viral infection based on the result of
SARS-CoV-2 PCR testing. We did not find any evidence of
false-negative SARS-CoV-2 tests in this cohort, i.e., a positive
result within the subsequent 2 weeks. Testing for alternative
viral pathogens, such as influenza virus, was not performed.

Data Extraction

Patient-level data contained within the structured question-
naire and chart notes written prior the SARS-CoV-2 test being
ordered were copied from the electronic medical record by a
physician (DSS) who removed identifying data. Cases and
controls were randomized, and prespecified data elements
were extracted by a physician (EAR) who was blinded to the
patient identity and test results. The variable fever included
subjective fever or a patient-measured temperature of 100.4 or
greater. Chest tightness was abstracted if the word “tightness”
was specifically noted; other descriptions of discomfort in-
cluding “chest pressure” and “heavy feeling in chest” were
captured as “chest pain.” COVID-19 exposure included doc-
umented close contact with someone who had a positive test
for SARS-CoV-2. Possible contact included both close con-
tact with a person suspected of having COVID-19 and possi-
ble contact or contact of unknown or limited duration with a
person with a known positive test result.

Data Analysis

All analyses were performed using IBM SPSS Statistics v
27.0. Individual symptoms were compared with the SARS-
CoV-2 PCR result for conditional independence, and the odds
ratio with 95% confidence interval was determined using the
Cochran-Mantel-Haenszel test. We systematically combined
individual symptoms into 326 clinical phenotypes and
assessed each as a predictor of the SARS-CoV-2 result. The
most common significant features (individual and combined)
were used as predictors in a multivariable logistic regression
model, with a binary outcome (presence or absence of
COVID-19 by SARS-CoV-2 PCR). Stepwise variable selec-
tion, both forward and backward, was performed using mul-
tiple logistic regression, with a P value of 0.05 for addition or
removal of variables.

The resulting logistic regression diagnostic model was an-
alyzed for discrimination using the area under the receiver-
operating curve (AUC). Calibration of agreement between
the predicted and observed probabilities was assessed using

the Hosmer-Lemeshow goodness-of-fit test, indicating a poor
fit for P < 0.05.

We assessed internal validity of the model using a
bootstrapping procedure. The modeling process was repeated
with 1000 samples using a stratified method of case resam-
pling with replacement with a 95% confidence interval. We
validated the rule performance by applying it to an indepen-
dent, temporally distinct cohort of 40 consecutive SARS-
CoV-2 PCR positive symptomatic outpatients.

Results

The age range of subjects was 20–88 (median 43), and they
were 62% female and 38%male. These factors were balanced
between cases and controls by design. Duration of symptoms
reported by patients at the time of the patient interview was
4.0 days (SD 4.63, range 1–30) for COVID-19 cases and
4.5 days (SD 6.65, range 1–35) for controls.

Of the 326 unique clinical phenotypes assessed, 18 were
significantly associated with a SARS-CoV-2-positive result,
and 10 were significantly associated with a SARS-CoV-2-
negative result. Univariate association identified symptoms,
phenotypes, and risk factors as significantly predictive of
COVID-19 in symptomatic outpatients (Table 1), including
loss of taste or smell, fever and cough, chills or sweats, and
anorexia, as well as exposure to a known COVID-19 individ-
ual. The phenotype of wheezing or chest tightness was nega-
tively associated with COVID-19, that is, more likely to be
triggered by a virus other than SARS-CoV-2. Significance of
phenotype combinations was driven by a few key symptoms.
Either fever or cough was present in 87% of the 240 subjects.
Symptoms of fever, T max, and cough alone were not signif-
icant individual predictors of COVID-19.

When the significant symptoms, phenotypes and risk factors
were analyzed using multivariable logistic regression; the
resulting model found the phenotypes of loss of smell or taste
(olfactory phenotype), fever and cough (febrile respiratory phe-
notype), and wheeze and chest tightness (reactive airways phe-
notype) to independently contribute to diagnostic prediction
(Table 2). Significant individual factors that failed to indepen-
dently contribute in the model included chills or sweats, anorex-
ia, and exposure to a known COVID-19 patient. Discrimination
of themodel, as assessed by the area under the receiver-operating
curve (AUC), was 0.736 (95% CI 0.674–0.798); P = 0.000
(Fig. 2). The Hosmer and Lemeshow test indicated a good fit
of the model with P = 0.870.

To develop the clinical prediction rule, we rounded the β-
coefficients of independent predictors in the logistic regres-
sionmodel to proportional whole integers, tomake an additive
“fast-and-frugal” [6] rule with good face validity that is easy to
recall and apply. The C19 rule consists of three clinical phe-
notypes that differentiate COVID-19 infection from influenza

1949SN Compr. Clin. Med. (2020) 2:1947–1954



and viral respiratory infections: loss of smell or taste (2
points), fever and cough (1 point), and wheezing or chest
tightness (− 1 point). When the C19 rule was applied to the

entire dataset of 240 cases and controls (Table 3), patients with
a C19 rule score of 3 had a LR of 15.0 (95% CI 2.0–112) for
COVID-19 infection, present in 12.5% of cases and in only

Table 1 Association between clinical characteristics and COVID-19 diagnosis among patients from a Connecticut HMOpopulation triaged for SARS-
CoV-2 testing from March to May 2020

Clinical characteristics SARS-CoV-2-positive cases (%)
N = 120

SARS-CoV-2-negative cases (%)
N = 120

Odds ratioa,b (95% CI)

Individual symptoms
Cough 89 (74.2) 79 (65.8) 1.49 (0.85–2.60)
Fatigue/malaise 70 (58.3) 72 (60.0) 0.93 (0.56–1.56)
Fever 68 (56.7) 58 (48.3) 1.40 (0.84–2.32)
Myalgias 54 (45.0) 52 (43.3) 1.05 (0.63–1.76)
Loss of taste 41 (34.2) 7 (5.8) 8.38 (3.58–19.63)
Sore throat 38 (31.7) 47 (39.2) 0.72 (0.42–1.22)
Loss of smell 36 (30.0) 8 (6.7) 6.00 (2.65–13.58)
Diarrhea 35 (29.2) 30 (25.0) 1.24 (0.70–2.19)
Chills/sweats 34 (28.3) 20 (16.7) 1.98 (1.06–3.39)
Dyspnea/shortness of breath 33 (27.5) 38 (31.7) 0.82 (0.47–1.43)
T max > 100.4 F 28 (23.3) 24 (20.0) 1.04 (0.48–2.25)
Headache 26 (21.7) 26 (21.7) 1.02 (0.55–1.89)
Nasal congestion/rhinorrhea 23 (19.2) 17 (14.2) 1.44 (0.72–2.85)
Nonproductive cough 19 (15.8) 26 (21.7) 0.68 (0.53–1.31)
Anorexia 14 (11.7) 5 (4.2) 3.04 (1.06–8.72)
Chest pain 11 (9.2) 12 (10.0) 0.91 (0.38–2.15)
Nausea/vomiting 10 (8.3) 5 (4.2) 2.09 (0.69–6.31)
Dizziness 9 (7.5) 9 (7.5) 1.26 (0.33–4.82)
Chest tightness 8 (6.7) 24 (20) 0.29 (0.12–0.67)
Wheezing 7 (6.0) 16 (13.3) 0.40 (0.16–1.02)
Sinus pressure/pain 7 (5.8) 5 (4.2) 1.43 (0.44–4.62)
Abdominal pain/ache 5 (4.2) 2 (1.7) 2.57 (0.49–12.49)
Productive cough 4 (3.3) 3 (2.5) 1.33 (0.29–6.09)
Red/painful toes 0 (0) 3 (2.5)
Ear ache/pain 0 (0) 0 (0)

Risk factors
Contact with known COVID-19 31 (25.8) 17 (14.2) 2.11 (1.10–4.07)
Contact with possible COVID-19 18 (15.0) 17 (14.2) 1.07 (0.52–2.19)

COVID-19 phenotypesc

Fever and cough 51 (42.5) 34 (28.3) 1.87 (1.09–3.20)
Loss of smell or taste 46 (38.3) 11 (9.2) 6.16 (3.00–12.67)
Loss of taste and fever or cough 33 (27.5) 6 (5.0) 7.21 (2.89–17.97)
Chills/sweats and fever or cough 32 (26.7) 16 (13.3) 2.36 (1.22–4.59)
Cough and loss of smell or taste 32 (26.7) 6 (5.0) 6.91 (2.77–17.25)
Loss of smell and fever or cough 29 (24.2) 8 (6.7) 4.46 (1.95–10.23)
Cough and loss of taste 28 (23.3) 4 (3.3) 8.83 (1.10–3.26)
Cough and chills/sweats 27 (22.5) 10 (8.3) 3.19 (1.47–6.94)
Fever and loss of taste or smell 24 (20.0) 5 (4.2) 5.75 (2.11–15.64)
Nausea or vomiting or abdominal pain or anorexia 22 (18.3) 11 (9.2) 2.22 (1.03–4.82)
Loss of taste and myalgias or fatigue 22 (18.3) 5 (4.2) 5.16 (1.89–14.14)
Fever and loss of taste 19 (15.8) 3 (2.5) 7.34 (2.11–25.52)
Cough and nausea/vomiting/abdominal pain/anorexia 18 (15.0) 7 (5.8) 2.85 (1.14–7.10)
Loss of smell and fatigue or myalgias 18 (15.0) 6 (5.0) 3.35 (1.28–8.77)

Respiratory virus phenotypes (non-COVID-19)d

Wheezing or chest tightness 13 (10.8) 36 (30.0) 0.28 (0.14–0.57)
Wheezing or chest tightness and fatigue or malaise 6 (5.0) 23 (19.2) 0.22 (0.09–0.57)
Dyspnea and sore throat 9 (7.5) 21 (17.5) 0.38 (0.17–0.87)
Wheezing and chest tightness or dyspnea 7 (5.8) 19 (15.8) 0.33 (0.13–0.82)
Wheezing or chest tightness and myalgias 6 (5.0) 19 (15.8) 0.28 (0.11–0.72)
Cough and chest tightness 7 (5.8) 18 (15.0) 0.35 (0.35–0.88)
Wheezing or chest tightness and sore throat 7 (5.8) 18 (15.0) 0.35 (0.14–0.88)

a Significant odds ratios in italics
b Cochran-Mantel-Haenszel common odds ratio
c Phenotype present in 15% or more of SARS-CoV-2-positive cases
d Phenotype present in 15% or more of SARS-CoV-2-negative cases
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0.8% of controls. Patients with a score of 2 had a LR 4.2 (CI
1.9–9.1), found in 46.7% of cases and 23.3% of controls; a
score of 1, LR 1.2 (CI 0.7–1.9) in 39.2% of cases and 58.3%
of controls; and a score of 0, LR 0.7 (CI 0.5–0.7) in 1.7% of
cases but 17.5% of controls. A C19 score of − 1 was found
more often in SARS-CoV-2-negative patients (17.5%), with a
LR 0.1 (CI 0.02–0.4).

In the validation cohort, ages ranged from 18 to 67, and
there were 21males and 19 females. Loss of smell or taste was
present in 70% of cases. The C-19 rule performed comparably
in this validation set: score 3 LR 25 (20% of cases), score 2 LR
3.6 (50% of cases), score 1 LR 0.5 (10% of cases), score 0 LR
0.4 (20% of cases), and score − 1 (0 cases).

Discussion

Our aim was to develop a pragmatic evidence-based clinical
prediction rule, focusing on clinical data readily available dur-
ing the outpatient visit, to use in combination with a SARS-
CoV-2 rapid antigen test with limited sensitivity. We felt that
this would augment the ability of clinicians to differentiate
symptomatic infection with SARS-CoV-2 from other back-
ground respiratory viruses.

The US Center for Disease Control (CDC) [8] notes that,
since the symptoms of COVID-19 and influenza overlap, new
loss of smell or taste is the main finding to help differentiate
between the two. A meta-analysis of studies in 3563 patients
with COVID-19 found loss of smell or taste in 47% [9]. In our
study, loss of taste or smell is the finding most strongly asso-
ciated with COVID-19 infection (LR 4.2), present in 38% of
patients with COVID-19, and only 9% of those with another
respiratory virus. Since the symptoms of fever or cough were
often used to decide when to order testing, one or the other
symptom was present in most (88%) of individuals tested but
individually was not useful as predictors of COVID-19 infec-
tion. On the other hand, the combination of fever and cough,
possibly a marker of more severe illness, appeared more often
in SARS-CoV-2-positive patients. Wheezing or chest tight-
ness is a negative predictor, that is, more strongly associated
with alternate respiratory viruses rather than COVID-19,

possibly a reflection of the triggering of reactive airways dis-
ease commonly seen in viral respiratory infections.

During the course of our data collection, the COVID-19
epidemic was rapidly evolving. In the early phase, test
resources were scarce and testing was only recommended
for patients with what were thought to be “classic”
symptoms—fever and/or cough, or with history of
COVID-19 exposure. Our initial phase of testing yielded
a 20–25% SARS-CoV-2 positivity rate (Fig. 3). That phase
also coincided with the peak of the influenza and respira-
tory virus season. By the later phase of data collection, a
wider spectrum of symptoms was being more widely rec-
ognized, including loss of taste and smell, as well as der-
matologic manifestations. Testing supplies became more
readily available, and the criteria for testing, while still
being recommended only for symptomatic patients, were
relaxed. The positivity rate fell progressively to less than
10%, then finally below 5%. Influenza and respiratory vi-
ruses also receded, with seasonal allergy symptoms and

Table 2 COVID-19 clinical decision rule derived from logistic regression modeling

Clinical phenotype Sensitivity (95% CI) Specificity (95% CI) Likelihood ratio (95% CI) β-coefficienta P-valueb

Loss of smell or taste 0.38 (0.30–0.48) 0.91 (0.84–0.95) 4.18 (2.28–7.67) 1.89 0.000

Fever and cough 0.43 (0.34–0.52) 0.72 (0.63–0.79) 1.50 (1.05–2.13) 0.89 0.004

Wheeze or chest tightness 0.11 (0.06–0.18) 0.70 (0.61–0.78) 0.47 (0.29–0.77) − 1.38 0.000

a Constant − 0.452
bWald chi-square test

Fig. 2 Receiver-operating characteristic (ROC) curve for C19 logistic
regression model. Area under receiver-operating characteristic curve
(AUC) 0.736 (95% CI 0.674–0.798); P= 0.000
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Table 3 Likelihood ratios
stratified by C19 rule scorea C19 rule

score
SARS-CoV-2-positive cases
(%)

N = 120

SARS-CoV-2-negative controls
(%)

N = 120

C19 rule
likelihood
ratio (95% CI)b

3 15 (12.5%) 1 (0.8%) 15.0 (2.0–112)
2 29 (24.2%) 7 (5.8%) 4.2 (1.9–9.1)
1 29 (24.2%) 24 (20.0%) 1.2 (0.7–1.9)
0 45 (37.5%) 67 (55.8%) 0.7 (0.5–0.9)
− 1 2 (1.7%) 21 (17.5%) 0.1 (0.02–0.4)

a C19 rule predictors (points): loss of smell or taste (2); fever and cough (1); wheeze or chest tightness (− 1)
b Use with a smartphone calculator or a nomogram [7] when the local prevalence of SARS-CoV-2 test positivity is
known

Fig. 3 SARS-CoV-2 prevalence and testing over time
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tick-borne infections becoming more common as compet-
ing diagnoses. By summer 2020 (our validation cohort),
new loss of smell or taste was the main presenting symp-
tom of COVID-19, in 70% of cases. With widespread test-
ing, the positivity rate had decreased below 1%.

The symptoms found in our study to be associated with
COVID-19 were also identified as predictors of COVID-19
in prepublication reports from international cohorts using
differing methodologies [10–13]. These studies included
subjects from the UK, US, China, Australia, and Israel
and found significant correlations of SARS-CoV-19 with
symptoms of loss of taste and smell, fever, severe and
persistent cough, and shortness of breath. These reports
from external data sources strengthen the case for use of
the specific independent variables included within our C19
rule.

Recommendations for Using the C19 Rule in Clinical
Practice

A Bayesian approach to diagnosis in an ambulatory setting
begins with prior probability (prevalence), adjusts the proba-
bility estimate using an evidence-based clinical prediction
rule, then applies a point of care test, usually with limited
sensitivity. To illustrate, we will use the prevalence spectrum
seen in our population (about 5–20% during different phases
of the pandemic in Connecticut), the stratified likelihood ra-
tios of the C19 rule, and SARS-CoV-2 rapid antigen test char-
acteristics derived from ameta-analysis of 10 studies reporting
a pooled sensitivity of 64.8% (54.5–74.0) and specificity of
98.0% (95.8–99.0), or a LR + 32.4 and LR − 0.36 [14]. The
C19 rule score can be combined with the SARS-CoV-2 rapid
antigen test result using a smartphone calculator or a nomo-
gram [7], when the local prevalence of SARS-CoV-2 test
positivity is known.

A symptomatic patient in the setting of a widespread com-
munity outbreak of COVID-19 would have a prior probability
of about 20%. If the patient has symptoms highly suggestive
of COVID-19 such as cough or fever, combined with new loss
of taste or smell, and no wheeze or chest tightness to suggest a
viral upper respiratory infection (URI), the clinical (pretest)
probability of COVID-19 would increase from 20% to about
51%, based on a C19 rule score of 2 (LR 4.2). If a rapid test is
positive, the likelihood of COVID-19 is 97%, almost certain.
If the rapid test result is negative, however, the probability is
27%, likely a false negative. The patient should be isolated,
and a PCR test should be obtained. Another patient reports
cough and chest tightness, but no fever or loss of smell or
taste, giving a C19 rule score of − 1 (LR 0.1), so the clinical
probability is adjusted from 20 to 2.4%. A positive rapid test
would give a likelihood of COVID-19 of only 44%, an uncer-
tain outcome, possibly a false-positive result but too high to
ignore, so a PCR test should be obtained. A negative rapid test

however would indicate a probability of COVID-19 of 0.9%,
so it can be believed even though the rapid test is imperfect.

Recommendations for interpretation of the C19 rule com-
bined with SARS-CoV-2 rapid antigen test vary with preva-
lence. When COVID-19 prevalence is high (20% or higher),
patients with a C19 rule score of 0 or more should be tested
with PCR, ideally prior to their visit. If presenting in person to
the clinic, both a POC and a PCR swab could be simulta-
neously obtained while using PPE. When COVID-19 preva-
lence is low (5% or lower), patients scheduled for in-person
visits can be screened for symptoms with the C19 rule.
Typical viral URI symptoms are not suggestive of COVID-
19 in a low prevalence scenario unless they are accompanied
by the “plus factors” in the C19 rule. While the spectrum of
symptoms caused by SARS-CoV-2 is wide, the less-typical
manifestations are not helpful in differential diagnosis. If a
patient has C19 rule symptoms suggestive of COVID-19 in-
fection, however, they should be managed by telemedicine, or
if they must be seen, they should first have a rapid POC or
PCR test done. During seasonal peaks of influenza, concurrent
POC testing for both COVID-19 and influenza could be a
useful strategy, since influenza diagnosis would provide an
alternate explanation for the symptoms, lowering the proba-
bility of COVID-19 [15], and would also suggest antiviral
treatment with a neuraminidase inhibitor.

Limitations

The C19 rule should be applied in symptomatic mildly or
moderately ill adult outpatients. It was not developed for use
in a severely ill emergency department or hospitalized pa-
tients, or for screening asymptomatic individuals. It has not
been tested in children or adolescents.

We did not collect tests for other viral pathogens, because
of concern about increasing the possibility of airborne expo-
sures. Since this is not a standard practice in outpatient clinic
settings, however, this study represents pragmatic real-world
practice.

We did not include every SARS-CoV-2-positive patient
within our analysis. There were several alternate pathways to
have the test ordered, with varying degrees of clinical data
documented in the electronic medical record, so patients with-
out the standardized screening and documentation were ex-
cluded from analysis. We did not include all patients with
negative tests as controls, but instead selected symptomatic
SARS CoV-2 negatives matched to a SARS-CoV-2-positive
patient by age, gender, and date of testing who also had the
standardized COVID-19 questionnaire administered prior to
test ordering. We used this methodology to maintain a consis-
tent method of symptom ascertainment across all subjects.

The main limitations of our study are that the C19 rule has
yet to be verified by testing in an external validation cohort, or
in combination with a SARS-CoV-2 rapid antigen test. In
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support of the findings in our study, however, the symptoms
identified within our C19 rule were also reported to be asso-
ciated with COVID-19 across four additional international
ambulatory cohorts, and we were able to validate the perfor-
mance of the C-19 rule in an independent, temporally distinct
cohort of patients.

Conclusion and Relevance

We have developed a clinical prediction rule using symptom
phenotypes to help differentiate between COVID-19 infection
and seasonal respiratory viral infections. When applied in a
Bayesian approach to diagnosis in an ambulatory setting—
beginning with community prevalence (prior probability),
adjusting the probability estimate using the evidence-based
C19 rule, then applying a point of care SARS-CoV-2 rapid
antigen test with limited sensitivity—clinicians should be able
to manage patients across a range of clinical scenarios. The
need for timely and accurate diagnosis of COVID-19 in clin-
ical practice is important now with resurgent COVID-19 and
will continue to be so as we enter another season of respiratory
viral infections, whether COVID-19 is in the foreground or
the background of causes.
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