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Abstract 

Background: While several studies aimed to identify risk factors for severe COVID-19 cases to better anticipate 
intensive care unit admissions, very few have been conducted on self-reported patient symptoms and characteristics, 
predictive of RT-PCR test positivity. We therefore aimed to identify those predictive factors and construct a predictive 
score for the screening of patients at admission.

Methods: This was a monocentric retrospective analysis of clinical data from 9081 patients tested for SARS-CoV-2 
infection from August 1 to November 30 2020. A multivariable logistic regression using least absolute shrinkage and 
selection operator (LASSO) was performed on a training dataset (60% of the data) to determine associations between 
self-reported patient characteristics and COVID-19 diagnosis. Regression coefficients were used to construct the Coro-
navirus 2019 Identification score  (COV19-ID) and the optimal threshold calculated on the validation dataset (20%). Its 
predictive performance was finally evaluated on a test dataset (20%).

Results: A total of 2084 (22.9%) patients were tested positive to SARS-CoV-2 infection. Using the LASSO model, 
COVID-19 was independently associated with loss of smell (Odds Ratio, 6.4), fever (OR, 2.7), history of contact with 
an infected person (OR, 1.7), loss of taste (OR, 1.5), muscle stiffness (OR, 1.5), cough (OR, 1.5), back pain (OR, 1.4), loss 
of appetite (OR, 1.3), as well as male sex (OR, 1.05). Conversely, COVID-19 was less likely associated with smoking (OR, 
0.5), sore throat (OR, 0.9) and ear pain (OR, 0.9). All aforementioned variables were included in the  COV19-ID score, 
which demonstrated on the test dataset an area under the receiver-operating characteristic curve of 82.9% (95% CI 
80.6%–84.9%), and an accuracy of 74.2% (95% CI 74.1%–74.3%) with a high sensitivity (80.4%, 95% CI [80.3%–80.6%]) 
and specificity (72.2%, 95% CI [72.2%–72.4%]).

Conclusions: The  COV19-ID score could be useful in early triage of patients needing RT-PCR testing thus alleviating 
the burden on laboratories, emergency rooms, and wards.
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Background
The current Coronavirus Disease 2019 (COVID-19) pan-
demic, represents one of the greatest medical challenges 
that the world had to face since decades. As COVID-
19 quickly spread, various nonspecific clinical signs 
and symptoms have been reported making COVID-19 
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hard to differentiate from a broad range of respiratory 
tract infections [1, 2]. Diagnostic testing using real-
time reverse transcription polymerase chain reaction 
(RT-PCR) has therefore been used to identify infected 
patients [3, 4] Several studies aimed to identify risk fac-
tors for severe acute respiratory syndrome coronavirus 
2 (SARS-CoV-2) infection severity in order to anticipate 
intensive care unit (ICU) admissions [5–25].

However, few studies have been conducted on self-
reported patient symptoms and characteristics, pre-
dictive of RT-PCR test positivity [4, 26–29]. Models 
involving loss of smell, loss of taste, cough and fever have 
been shown to reveal a higher infection likelihood [30, 
31]. Although these predictive models were built on large 
cohorts, the proportion of infected patients was largely 
overestimated and symptoms may not have been col-
lected with precision at the time of RT-PCR testing.

The main purpose of the present study was to identify 
predictive factors for SARS-CoV-2 infection based on 
self-reported patient symptoms and medical conditions, 
and construct a predictive score for patient screening at 
admission. Given the lack of availability of RT-PCR test-
ing and delay in results, a reliable and quick tool may 
help clinicians on the front line in the prioritization 

for screening of patients at high risk for SARS-COV-2 
infection.

Methods
Study design and participants
A retrospective analysis of clinical data from 10,527 con-
secutive patients tested for SARS-CoV-2 infection was 
undertaken at the La Tour Hospital’s emergency center 
in Geneva (Switzerland) between the 1st of August and 
the 30th of November 2020. Our emergency depart-
ment is an academically affiliated teaching center, req-
uisitioned for SARS-COV-2 testing by the city’s health 
authorities. It represents the 2nd largest emergency in 
the city, accounting for 29,000 visits per year. All RT-PCR 
tests performed on patients younger than 18 years of age 
(n = 881, 7.9%) were excluded (Fig. 1). Since RT-PCR tests 
are associated with a variable false-negative rate [32], we 
excluded all non-final results from patients tested sev-
eral times in our hospital due to worsening symptoms 
(n = 530, 4.8%). All incomplete forms were also excluded 
(n = 595, 5.4%). Ultimately, this led to the remainder of 
9081 patients comprising 6871 symptomatic (75.7%) and 
2210 asymptomatic (24.3%) cases with a unique final RT-
PCR result for further analyses. Asymptomatic patients 
were tested for travelling purposes (n = 834, 9.2%), 

Fig. 1 Study flowchart
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before surgery (n = 526, 5.8%), following a close contact 
with infected people (n = 479, 5.3%) or for other reasons 
(n = 371, 4.1%). This study was approved by the ethics 
committee of Geneva (CCER 2020-01742) and the need 
for informed written consent was waived owing to the 
urgent situation and the retrospective use of anonymized 
data.

RT‑PCR tests
SARS-CoV-2 infection was confirmed by positive 
RT-PCR tests on nasopharyngeal swab specimens. 
Specimens were sent to and analyzed by the National Ref-
erence Center for Emergency Viral Infections (CRIVE) at 
the Geneva University Hospital (HUG). PCR assays were 
performed using the Roche’s cobas® 6800 SARS-CoV-2 
analyzer (Roche Molecular Systems, Branchburg, NJ) 
which received CE certification and the Emergency Use 
Authorization (EUA) by the U.S. Food and Drug Admin-
istration (FDA).

Study variables
Each enlisted patient, filled a case report form (CRF) at 
the time of screening. The study variables included demo-
graphic data (age, gender, weight, height, profession) and 
a series of specific symptoms including cough, breathing 
difficulties, runny nose, sore throat, ear pain, headache, 
fever, muscle stiffness, back pain, diarrhea, nausea/vom-
iting, loss of appetite, loss of weight, loss of smell, loss of 
taste, dizziness, respiratory allergies and unusual fatigue. 
Other potential risk factors recorded included immuno-
suppression, diabetes, tobacco use, chronic pulmonary 
and heart disease, cancer as well as any history of close 
contact with people who have tested positive for SARS-
CoV-2 infection. The data was then imported in a digi-
tal database, coded for anonymization, and stored on a 
secured hospital server.

Statistical analyses
For baseline characteristics, continuous variables were 
reported as mean ± standard deviation with median and 
interquartile range (IQR), while categorical variables 
were reported as proportions. For non-Gaussian con-
tinuous data, differences between groups were evalu-
ated using Wilcoxon rank-sum tests (Mann–Whitney 
U test), while for Gaussian continuous data, differences 
between groups were evaluated using unpaired Student 
t-tests. For categorical data, differences between groups 
were evaluated using the Fisher exact test. Univariable 
and multivariable logistic regressions were performed 
to determine associations between self-reported patient 
characteristics and COVID-19 diagnosis. Authors did 
not use imputation methods and performed their analy-
ses on existing and complete data, thus the presented 

screening tool could only be used when information 
about all patient symptoms and characteristics is known. 
Sixty percent of the study population was randomly 
selected and contributed to build the multivariable logis-
tic model (60%, training dataset), while the remaining 
part was kept to validate (20%, validation dataset) and 
test the model (20%, test dataset). The variables included 
in the shortened multivariable regression model were 
identified using the least absolute shrinkage and selection 
operator (LASSO) method. The regularization param-
eter used in this method was determined using a tenfold 
cross-validation, and set at one standard error from the 
λ that minimizes classification error (λ.1se). Collinearity 
was assessed using the Variance Inflation Factor (VIF) for 
each covariate, and was deemed acceptable if the maxi-
mum VIF did not exceed 2.0. Odds ratios (OR) and the 
95% CI were calculated for each independent variable. 
Probability of being infected by SARS-CoV-2 was calcu-
lated as follows:

With “Intercept” being the regression model intercept, 
and β the regression coefficient related to the independ-
ent variable X (X = 0 or 1). The regression coefficient for 
each independent variable selected in the multivariable 
model was multiplied by ten, rounded up to the near-
est integer value, and used to build a predictive score: 
The Coronavirus 2019 Identification  (COV19-ID) score. 
The regression coefficients were thereafter adjusted 
proportionally to set the maximum of the score at 100. 
The Receiver operating characteristic (ROC) curve was 
constructed and its area under the curve (AUC) evalu-
ated. The optimal cutoff value was then calculated on 
the validation dataset to discriminate between infected 
patients and non-infected patients with the highest 
sensitivity and specificity (Youden Index). Two other 
thresholds were additionally described in a Additional 
file 1  to maximize either the sensitivity or the specific-
ity of the  COV19-ID score. To validate the variable selec-
tion in the LASSO regression, the AUCs obtained by the 
 COV19-ID score and the entire multivariable model were 
evaluated and compared using a paired DeLong test. 
The sensitivity, specificity, positive and negative predic-
tive values (PPV and NPV), positive and negative likeli-
hood ratio (LR+ and LR−), F1 score and the Matthews 
correlation coefficient (MCC) were calculated on the test 
dataset based on the number of true positive (TP), false 
negative (FN), false positive (FP) and true negative (TN) 
cases. A bootstrap method with 1000 random resamples 
of the test dataset was used to calculate the 95% confi-
dence interval (95%CI) of all aforementioned parameters. 

(1)
Infection probability =

1

1+ e−(Intercept + β1X1 + β2X2 + ...+βnXn)
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Statistical analyses were performed using R version 
3.6.2 (R Foundation for Statistical Computing, Vienna, 
Austria). P-values < 0.05 were considered statistically 
significant.

Results
A total of 14,221 patients were admitted to the emer-
gency department from the 1st of August through the 
30th of November 2020. 10,527 (74.0%) were tested 
for SARS-CoV-2 infection using RT-PCR tests, among 
whom 9081 were further analyzed (Fig. 1). The studied 

cohort included 4280 men (47%) with a mean age of 
43.5 ± 15.6  years and a mean BMI of 25.1 ± 4.8  kg/m2. 
The most common reported symptoms were head-
ache (38.6%), cough (38.4%), runny nose (34.0%), sore 
throat (31.4%), unusual fatigue (30.4%), muscle stiffness 
(27.3%) and back pain (22.4%) (Table 1).

Predictive factors of SARS‑CoV‑2 infection
Among the tested population included in this study, 
2084 patients (22.9%) were diagnosed with SARS-CoV-2 
infection. Compared to patients with negative test 

Table 1 Patient characteristics for the entire cohort and by RT-PCR result subgroup (categorical data)

Italic values indicate significant p-values (<0.05)
a Close contact with people who have tested positive for SARS-CoV-2 infection

Total (n = 9081) Positive (n = 2084) Negative (n = 6997) p-value
N (%) N (%) N (%)

Symptomatic 6871 (75.7) 1993 (95.6) 4878 (69.7)  < 0.001

Age (yrs) 0.185

 18–39 3961 (43.6) 867 (41.6) 3094 (44.2)

 40–64 4226 (46.5) 1011 (48.5) 3215 (46.0)

 65–74 554 (6.1) 127 (6.1) 427 (6.1)

  ≥ 75 340 (3.7) 79 (3.8) 261 (3.7)

Male sex 4280 (47.1) 1049 (50.3) 3231 (46.2)  < 0.001

Cough 3489 (38.4) 1105 (53.0) 2384 (34.1)  < 0.001

Contacta COVID-19+ 3179 (35.0) 1004 (48.2) 2175 (31.1)  < 0.001

Breathing difficulties 1034 (11.4) 281 (13.5) 753 (10.8) 0.001

Runny nose 3087 (34.0) 870 (41.7) 2217 (31.7)  < 0.001

Sore throat 2850 (31.4) 629 (30.2) 2221 (31.7)  < 0.001

Ear pain 546 (6.0) 123 (5.9%) 423 (6.0) 0.834

Headache 3502 (38.6) 1080 (51.8) 2422 (34.6)  < 0.001

Fever 1246 (13.7) 584 (28.0) 662 (9.5)  < 0.001

Diarrhea 1000 (11.0) 261 (12.5) 739 (10.6) 0.013

Nausea 787 (8.7) 210 (10.0) 577 (8.2) 0.010

Loss of smell 754 (8.3) 529 (25.4) 225 (3.1)  < 0.001

Loss of taste 715 (7.9) 466 (22.4) 249 (3.6)  < 0.001

Diabetes 289 (3.2) 76 (3.6) 213 (3.0) 0.177

Immunosuppression 92 (1.0) 15 (0.7) 77 (1.1) 0.136

Chronic pulmonary disease 149 (1.6) 32 (1.5) 117 (1.7) 0.768

Chronic heart disease 221 (2.4) 51 (2.4) 170 (2.4) 0.936

Cancer 226 (2.5) 46 (2.2) 180 (2.6) 0.379

Healthcare worker 409 (4.5) 93 (4.5) 316 (4.5) 0.952

Respiratory allergies 1121 (12.3) 247 (11.8) 874 (12.5) 0.448

Smoking 1408 (15.5) 208 (10.0) 1200 (17.2)  < 0.001

Unusual fatigue 2762 (30.4) 845 (40.5) 1917 (27.4)  < 0.001

Obesity (BMI > 30) 1212 (13.3) 286 (13.7) 926 (13.2) 0.557

Muscle stiffness 2481 (27.3) 936 (44.9) 1545 (22.1)  < 0.001

Back pain 2031 (22.4) 784 (37.6) 1247 (17.8)  < 0.001

Loss of appetite 930 (10.2) 410 (19.7) 520 (7.4)  < 0.001

Loss of weight 160 (1.8) 78 (3.7) 82 (1.2)  < 0.001

Dizziness 651 (7.2) 206 (9.9) 445 (6.4)  < 0.001
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results (n = 6997, 77.1%), confirmed cases were more 
likely of male sex (50.3% vs 46.2%) and symptomatic 
(95.6% vs 69.7%) (Table  1). The differences in terms of 
age (44.2 ± 15.6 vs. 43.3 ± 15.5  years, p < 0.001), BMI 
(25.4 ± 4.8 vs. 25.0 ± 4.8 kg/m2, p < 0.001), and time since 
symptoms onset (4.0 ± 6.0 vs 4.2 ± 5.0  days, p < 0.001) 
were statistically significant but not clinically relevant. 
Main symptoms reported by the infected group included 
loss of smell (25.4% vs 3.1%; p < 0.001), loss of taste (22.4% 
vs 3.6%; p < 0.001), fever (28.0% vs 9.5%; p < 0.001), mus-
cle stiffness (44.9% vs 22.1%; p < 0.001), back pain (37.6% 
vs 17.8%; p < 0.001) and loss of appetite (19.7% vs 7.4%) 
(Table 1).

Full multivariable model
SARS-CoV-2 infection was independently associated 
with loss of smell (OR, 9.4; 95% CI 6.9–12.8), fever (OR, 
3.4; 95% CI, 2.8–4.1), increasing age (e.g. ≥ 75 y.o. vs. 
18–39 y.o.: OR, 2.4; 95% CI 1.6–3.6), history of contact 
with an infected person (OR, 2.3; 95% CI 2.0–2.7), cough 
(OR, 2.1; 95% CI 1.8–2.5]), loss of taste (OR, 2.0; 95% 
CI 1.4–2.7), back pain (OR, 1.8; 95% CI 1.5–2.2), loss of 
appetite (OR, 1.8; 95% CI 1.4–2.3), muscle stiffness (OR, 
1.7; 95% CI 1.5–2.1), as well as male sex (OR, 1.3; 95% CI 
1.1–1.5) and headache (OR, 1.3; 95% CI 1.1–1.5). Con-
versely, COVID-19 was less likely associated with smok-
ing (OR, 0.3; 95% CI 0.2–0.4), immunosuppression (OR, 
0.3; 95% CI 0.1–0.7), ear pain (OR, 0.6; 95% CI 0.4–0.8), 
sore throat (OR, 0.7; 95% CI 0.6–0.9) and breathing dif-
ficulties (OR, 0.7; 95% CI 0.6–0.9) (Table 2).

Creation and validation of the  COV19‑ID score
Only twelve of the aforementioned predictors of SARS-
CoV-2 infection were selected by the LASSO regression 
and used to create the  COV19-ID score (Fig. 2 and 3). The 
 COV19-ID score was thereafter calculated for all patients 
comprised in the validation dataset, which included 407 
(22.5%) positive and 1399 (77.5%) negative cases.

On the validation dataset, the mean  COV19-ID score 
was 10.0 ± 13.7 (median, 8.0; IQR, 0.0 –16.0) for patients 
with negative RT-PCR and 29.0 ± 20.9 (median, 25.0; 
IQR, 14.0–41.0) for patients with positive RT-PCR. The 
AUC obtained with the  COV19-ID score was not signifi-
cantly different from the AUC obtained with the full mul-
tivariable model (79.1% vs 79.8%, p = 0.121) (Fig. 4).

The  COV19-ID score accuracy was 72.4% when maxi-
mizing both the sensitivity and specificity (cutoff value 
of ≥ 14 points). The sensitivity and specificity were 75.4% 
and 71.5% respectively, with a PPV of 43.5% and an NPV 
of 90.9% (Table 3). The F1 score and MCC were 0.55 and 
0.40 respectively. Two other  COV19-ID score thresholds 
were calculated to maximize either the sensitivity (≥ 8.5 
points) or the specificity (≥ 25 points).

Test of the  COV19‑ID score
Using the test dataset, which comprised 429 (23.6%) 
positive cases and 1386 (76.4%) negative cases, the AUC 
obtained with the  COV19-ID score was 82.9% (95% CI 
80.6%–84.9%). Using the cutoff value of ≥ 14 points, the 
accuracy was of 74.2% (95% CI 74.1%–74.3%) with a sen-
sitivity and specificity of 80.4% (95% CI 80.4%–80.6%) 
and 72.2% (95% CI 72.2%–72.3%) respectively. The PPV 
was 47.3% (95% CI 47.2%–47.4%) and the NPV of 92.3% 
(95% CI 92.3%–92.4%) (Table 3). The F1 score and MCC 
were 0.60 (95% CI 0.59–0.60) and 0.46 (0.45–0.46) 
respectively. The comparison between the predicted 
probabilities of SARS-COV-2 infection and the RT-PCR 
test results is illustrated in Additional file  1. The model 
diagnostic performance using the three different thresh-
olds is illustrated on Fig.  5 and detailed in Additional 
file 2.

Discussion
The rapid spread of the COVID-19 pandemic and the 
need for mass testing invariably overwhelms laboratory 
capabilities resulting in increased result delays. To date, 
proposed screening tools [33, 34] mainly concern the 
detection of severe cases in order to anticipate for ICU 
admissions [5–25]. However, screening for SARS-CoV-2 
infection at admission, may help discriminate between 
highly suspected patients needing quarantine measures 
or admission to COVID-19 dedicated units from those 
who could safely be discharged [35], while test results 
are pending. Our study presented and validated a new 
clinical tool  (COV19-ID score) for SARS-CoV-2 infection 
based on the patient’s self-reported symptoms and medi-
cal history.

With an AUC of 83%, a sensitivity of 80% and a speci-
ficity of 72% for the prediction of SARS-CoV-2 infection 
in our test dataset, our screening tool compares well with 
the model of Menni et al. [31] who reported an AUC of 
76% (sensitivity, 65%; specificity, 78%) in a United States 
cohort with a comparable proportion of infected patients 
(26% vs 24% in our test dataset). In their study, Zavascki 
et  al. [36] created a score which included only 5 vari-
ables (patient age ≥ 60  years old, fever, dyspnea, coryza, 
and fatigue) that demonstrated an AUC of 88% in their 
validation dataset. It is worth noting however, that they 
did not use an external database for the validation pro-
cess and that important symptoms such as loss of taste 
and loss of smell were not reported and incorporated in 
their model. In our study, 47% of the patients predicted of 
being infected by SARS-COV-2, truly had a positive test. 
This PPV is lower than that reported by Menni et al. [31] 
(69%). On the other hand, 92% of the patients predicted 
as not being infected had a negative test which is higher 
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than that reported in the above study [31] (75%). These 
comparisons, however, should be interpreted with cau-
tion considering the differences in the studied popula-
tion (e.g. the proportion of infected cases) and the cut-off 
value chosen for the prediction.

Main symptoms reported by COVID-19 patients 
included loss of smell, loss of taste, fever, muscle stiffness, 
back pain and loss of appetite. Known as a risk factor for 

transmission of the disease, exposure to a contagious per-
son was only found in less than half of infected patients. 
This emphasizes the role of asymptomatic viral trans-
mission in the population and the need for enhanced 
compliance with barrier measures. Although breathing 
difficulties has been largely described as one of the most 
prevalent symptoms associated with COVID-19 [37], 
our study revealed that in absence of cofounding factors, 

Table 2 Uni- and Multivariable logistic regression of positive RT-PCR test (training data)

Italic values indicate significant p-values (<0.05)

Multivariable model intercept: −2.153

OR, Odds ratio; CI, Confidence Interval; Coeff, coefficient
a Close contact with people who have tested positive for SARS-CoV-2 infection

Variable Univariable regression Multivariable regression

Full model LASSO model

OR (95% C.I.) p‑value OR (95% C.I.) p‑value Coeff OR

Age group

 18–39 Ref. Ref.

 40–64 1.1 (0.9–1.2) 0.440 1.3 (1.1–1.6)  < 0.001

 65–74 1.1 (0.8–1.4) 0.719 1.7 (1.3–2.4)  < 0.001

  ≥ 75 1.3 (0.9–1.7) 0.175 2.4 (1.6–3.6)  < 0.001

Male sex 1.2 (1.1–1.4) 0.006 1.3 (1.1–1.5)  < 0.001 0.035 1.05

Cough 2.2 (1.9–2.5)  < 0.001 2.1 (1.8–2.5)  < 0.001 0.437 1.5

Contacta COVID-19 + 2.1 (1.8–2.3)  < 0.001 2.3 (2.0–2.7)  < 0.001 0.546 1.7

Breathing difficulties 1.3 (1.1–1.6) 0.002 0.7 (0.6–0.9) 0.012

Runny nose 1.5 (1.3–1.7)  < 0.001 1.1 (0.9–1.3) 0.175

Sore throat 1.0 (0.8–1.1) 0.641 0.7 (0.6–0.8)  < 0.001 −0.108 0.9

Ear pain 0.9 (0.7–1.2) 0.530 0.6 (0.4–0.8) 0.002 −0.098 0.9

Headache 2.0 (1.7–2.2)  < 0.001 1.3 (1.1–1.5) 0.003

Fever 3.8 (3.2–4.4)  < 0.001 3.4 (2.8–4.1)  < 0.001 1.004 2.7

Diarrhea 1.3 (1.0–1.5) 0.021 0.8 (0.7–1.1) 0.173

Nausea 1.3 (1.0–1.6) 0.031 0.8 (0.6–1.0) 0.109

Loss of smell 11.0 (8.9–13.6)  < 0.001 9.4 (6.9–12.8)  < 0.001 1.857 6.4

Loss of taste 7.5 (6.1–9.2)  < 0.001 2.0 (1.4–2.7)  < 0.001 0.432 1.5

Diabetes 1.3 (0.9–1.8) 0.144 1.2 (0.8–1.8) 0.312

Immunosuppression 0.4 (0.2–0.9) 0.045 0.3 (0.1–0.7) 0.010

Chronic pulmonary disease 0.9 (0.5–1.5) 0.754 0.7 (0.4–1.3) 0.322

Chronic heart disease 0.8 (0.5–1.3) 0.415 0.6 (0.3–1.0) 0.055

Cancer 0.8 (0.5–1.3) 0.380 0.9 (0.5–1.5) 0.665

Healthcare worker 1.0 (0.7–1.3) 0.932 0.8 (0.6–1.2) 0.306

Respiratory allergies 0.9 (0.7–1.1) 0.186 0.9 (0.7–1.1) 0.408

Smoking 0.5 (0.4–0.6)  < 0.001 0.3 (0.2–0.4)  < 0.001 −0.672 0.5

Unusual fatigue 1.7 (1.5–1.9)  < 0.001 0.9 (0.8–1.1) 0.237

Obesity 1.1 (0.9–1.3) 0.368 1.0 (0.8–1.2) 0.651

Muscle stiffness 2.6 (2.3–3.0)  < 0.001 1.7 (1.5–2.1)  < 0.001 0.390 1.5

Back pain 2.6 (2.2–2.9)  < 0.001 1.8 (1.5–2.2)  < 0.001 0.335 1.4

Loss of appetite 3.1 (2.6–3.7)  < 0.001 1.8 (1.4–2.3)  < 0.001 0.275 1.3

Loss of weight 2.9 (2.0–4.4)  < 0.001 1.2 (0.7–1.9) 0.554

Dizziness 1.7 (1.3–2.1)  < 0.001 1.0 (0.8–1.4) 0.744
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this symptom was rather suggestive of a non-SARS-
CoV-2 infection. This finding was contradictory with 
those of Romero-Gameros et  al. [38] but corroborated 
several recent studies that described a possible associa-
tion between SARS-CoV-2 infection and lack of dyspnea 
(silent hypoxia) due to neurological damages [39, 40]. 
Another explanation would be that patients who did not 
present clinical signs suggestive of COVID-19, reported 
dyspnea because of other type of pneumonia or simply 
stress/anxiety before RT-PCR testing. Patients with sore 
throat and/or ear pain were also less likely to be infected 
by SARS-CoV-2, suggesting that these symptoms are 
more specific to other ears, nose and throat (ENT) dis-
eases. Likewise, Spechbach et  al. reported breathing 
difficulties and sore throat as predictors of a negative 
RT-PCR test [41]. Recent studies indicated that smokers 
tended to be less infected [4, 30, 42]. Our results corrob-
orate these findings given that the odds of SARS-CoV-2 
infection was two times less important for smokers.

Twelve variables were selected for the construct of 
the  COV19-ID score owing to their high independent 
explanatory effect on SARS-CoV-2 infection. Among 
them, nine were potent risk factors for infection; com-
prising male sex, cough, loss of smell, loss of taste, fever, 

muscle stiffness, back pain, loss of appetite, and history 
of close contact with infected people. Our results are very 
similar to those published by Spechbach et al. who found 
that anosmia, fever, muscle pain, and cough were strong 
COVID-19 predictors [41]. In Menni et  al.’s prediction 
model [31], loss of smell and taste, severe or persistent 
cough as well as loss of appetite were also highly predic-
tive. Likewise, Apra et al. [30] reported that anosmic or 
ageusic patients were more likely to be infected but sug-
gested to prioritize RT-PCR tests in patients with cough. 
Mao et  al. [27] also found that exposure history was an 
independent risk factor for SARS-CoV-2 infection. Fever 
is usually one of the most reported symptoms in COVID-
19 patients [37, 43]. In some studies, notably if per-
formed in fever clinics [27], this symptom is so frequently 
reported (> 80%) in the global tested population that it 
does not help in the identification of COVID-19 patients. 
However, in a context of massive testing in a stand-
ard hospital, we showed that fever was reported by less 
than 20% of the symptomatic population. Our analyses 
revealed it to be the second most important factor asso-
ciated with SARS-CoV-2 infection (behind loss of smell) 
at patient admission. It is worth noting that among all 
the aforementioned clinical signs, non-flu-like symptoms 

Fig. 2 Feature importance determined by Least absolute shrinkage and selection operator (LASSO) regression
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such as loss of smell or loss of taste are often considered 
in the screening process for SARS-CoV-2 infection owing 
to their greater specificity [44–46].

Although excluded variables from our model were 
not predictive factors of COVID-19, they could be of 
great interest in the prediction of infection severity and 
should still be considered during the medical encoun-
ter. For instance, the association between diabetes and 
the severity/mortality of patients with COVID-19 is well 
documented [47, 48] although this medical condition is 
not a risk factor per se for SARS-CoV-2 infection. Simi-
larly, identified protective factors for SARS-CoV-2 infec-
tion might become a risk factor for COVID-19 severity. 
In our study, smoking was more likely to be considered as 
a protective factor for RT-PCR positivity, but it nonethe-
less contributes to COVID-19 severity once the patient is 
infected [49–52].

As to the use of this model in clinical practice, we 
suggest keeping the patients blinded to the score at the 
time of symptoms screening. Otherwise, patients might 
be tempted to report symptoms that are either strongly 
related or not to SARS-CoV-2 infection thereby reduc-
ing the diagnostic performance of the  COV19-ID score. 
Furthermore, patients are unfamiliar to medical jargon 
and the medical lexicon used to describe the symptoms 
needs to be adapted to the population understanding for 
appropriate data collection (e.g. anosmia = loss of smell; 
ageusia = loss of taste, etc.). The strength of this score is 
its use at the time of admission. Solely based on patient-
self reported information, it requires no health personnel 
assistance. Compared to models using laboratory and/
or imaging data [53], this score is rapidly obtainable and 
does not require ancillary testing and/or patient radia-
tion. Clinical uses of the  COV19-ID score in a strained 
environment are large. Patients can be screened at 
admission and according to their score, directed to wait-
ing areas planned for patients at low and high risk for 
SARS-CoV-2 infection thus preventing cross contamina-
tion [54]. Physicians or senior nurses can be appointed to 
patients at high risk areas thus optimizing resources. RT-
PCR tests for patients at high risk could be prioritized to 
reduce result delays and the burden on laboratory facili-
ties. Patients for whom a first test is negative but with a 
high  COV19-ID score can be scheduled for a second test 
to decrease false negative results. For the same purpose, 
RT-PCR tests (gold standard) could also be used instead 
of rapid antigenic tests when patients present a  COV19-ID 
score above a certain threshold (e.g. ≥ 25 points). Finally, 
a discriminating tool such as  COV19-ID score has the 
potential to be incorporated in decision making algo-
rithms used in telemedicine diagnostic strategies.

Fig. 3 The  COV19-ID score

Fig. 4 The Receiver-Operating Characteristic analysis for the 
COV19-ID score and the full multivariable model
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Limitations
This retrospective study has several limitations. First, 
the number of patients with confirmed SARS-CoV-2 
infection may be underestimated notably because of the 
suboptimal sensitivity of RT-PCR tests. To this date, the 
RT-PCR test remains the gold standard for SARS-COV-2 

detection, although specimen sampling was refined and 
test turnaround times shortened. Although first repeated 
tests for patients with symptoms aggravation were 
excluded from the database, a number of patients with 
false negative results could still remain in the datasets 
thereby weakening the analyses. Second, a non-negligible 

Table 3 Model performance on the validation and test datasets (maximizing sensitivity and specificity)

Validation dataset (n = 1806) Test dataset (n = 1815)

Actual Bootstrap (95% CI)

True positive (TP) 307 345

True negative (TN) 1000 1001

False positive (FP) 399 385

False negative (FN) 100 84

AUC 79.1% 82.9% (80.6%–84.9%)

Accuracy 72.4% 74.2% (74.1%–74.3%)

Sensitivity 75.4% 80.4% (80.4%–80.6%)

Specificity 71.5% 72.2% (72.2%–72.3%)

Positive Predictive Value (PPV) 43.5% 47.3% (47.2%–47.4%)

Negative Predictive Value (NPV) 90.9% 92.3% (92.3%–92.4%)

Positive likelihood ratio (LR+) 2.64 2.90 (2.90–2.91)

Negative likelihood ratio (LR−) 0.34 0.27 (0.26–0.27)

F1 score 0.55 0.60 (0.59–0.60)

Mathews correlation coefficient (MCC) 0.40 0.46 (0.45–0.46)

Fig. 5 Histograms of  COV19-ID score in negative and positive RT-PCR cases
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rate of incomplete forms was excluded from our data-
base (5%). However, the proportion of infected patients 
in the missing data was comparable to that of the studied 
dataset (21.5% vs 22.9%) and should therefore not repre-
sent an important bias. Our sample size may be criticized 
compared to multicentric or nationwide studies, how-
ever, we built our analysis on real data, gathered at the 
time of specimen collection, without using imputation 
methods for missing values. Third, the  COV19-ID score 
was constructed from a local and homogeneous popula-
tion and therefore needs to be validated prospectively in 
other populations. Furthermore, due to the retrospective 
nature of our study, we could not evaluate the diagnostic 
performance of the  COV19-ID score on new COVID-19 
variants (that may present non-classical symptoms) and 
on a vaccinated population. Fourth, since the statistical 
model used in this study did not include all patient symp-
toms and clinical characteristics, confounding effects 
that are unaccounted for could still be at play. Although 
we did not observe a relevant difference in terms of time 
since symptoms onset between infected and non-infected 
patients, such a factor should be further analyzed to 
reduce false negative results. Fifth, the  COV19-ID score 
was established on data collected between August and 
November where COVID-19 was the predominant cir-
culating virus. Because the seasonality has a considerable 
impact on the onset of viral diseases other than COVID-
19; late spring, early summer and winter viruses such as 
the influenza virus may trigger flu like symptoms thus 
weakening the diagnostic performance of the  COV19-ID 
score and increasing false positive rates (lower specific-
ity). Further studies are therefore needed to estimate the 
impact of seasonality on the use of the  COV19-ID score. 
Finally, the use of the  COV19-ID score in a context of 
massive testing may be associated with a higher false 
negative rate at the time of RT-PCR testing (lower sensi-
tivity) due to a higher proportion of infected patients that 
may not present the majority of COVID-19 predictive 
factors yet.

Conclusions
This study presented and validated a new screening tool 
(the  COV19-ID score) for SARS-CoV-2 infection detec-
tion based on patients self-reported symptoms and 
medical history. This score has an acceptable diagnos-
tic performance  and might be useful in early triage of 
patients needing RT-PCR testing thus hopefully alleviat-
ing the burden on laboratories, emergency rooms, and 
wards.
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