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ABSTRACT

Objectives To develop and validate a rule-out prediction
model for the risk of hospitalisation among patients with
SARS-CoV-2 infection in the ambulatory setting to derive a
simple score to determine outpatient follow-up.

Design Prospective cohort study.

Setting Swiss university hospital.

Participants 1459 individuals with a positive result for
SARS-CoV-2 infection between 2 March and 23 April
2020.

Methods We applied the rule of 10 events per variable

to construct our multivariable model and included a
maximum of eight covariates. We assessed the model
performance in terms of discrimination and calibration and
performed internal validation to estimate the statistical
optimism of the final model. The final prediction model
included age, fever, dyspnoea, hypertension and chronic
respiratory disease. To develop the OUTCoV score, we
assigned points for each predictor that were proportional
to the coefficients of the regression equation. Sensitivity,
specificity, positive and negative likelihood ratios were
estimated, including positive and negative predictive
values in different thresholds.

Main outcome measure The primary outcome was
COVID-19-related hospitalisation.

Results The OUTCoV score ranged from 0 to 7.5 points.
The two threshold parameters with optimal rule-out

and rule-in characteristics for the risk of hospitalisation
were 3 and 5.5, respectively. Outpatients with a score

<3 (997/1459; 68.3%) had no follow-up as at low risk of
hospitalisation (1.8%; 95% Cl 1.1 to 2.8). For a score >5.5
(20/1459; 1.4%), the hospitalisation risk was higher (30%;
95% Cl 11.9 to 54.3).

Conclusions The OUTCoV score allows to rule out two-
thirds of outpatients with SARS-CoV-2 infection presenting
a low hospitalisation risk and to identify those at high

risk that require careful follow-up to assess the need for
hospitalisation. The model provides a simple decision-
making tool for an effective allocation of resources to
maintain quality care for outpatient populations.

Strengths and limitations of this study

» To our knowledge, prediction model for the risk
of hospitalisation are scarce among patients pre-
senting with symptoms of COVID-19 in ambulatory
settings.

» Our prediction model has a very good discrimination
capacity, especially for identifying patients that do
not need a close follow-up and the overall calibra-
tion of the OUTCoV score is almost perfect.

» This easy-to-use score provides clinicians with a
simple decision-making tool in prehospital care
management while ensuring quality of care for vul-
nerable populations, even in low-resource settings.

» The low number of outcome events leads to an over-
prediction of the hospitalisation risk for high-risk
outpatients. This also limited the number of vari-
ables in the scoring model. Thus, the model needs
retrospective and prospective external validation in
diverse sets of outpatients and larger cohorts.

» Variables such as body mass index, socioeconomic
status, oxygen saturation or chest X-ray were not
systematically collected and need to be further in-
vestigated as risk factors for hospitalisation and
added in the model.

INTRODUCTION

COVID-19 was declared a pandemic by the
WHO on 11 March 2020. Based on the avail-
able observations, clinicians first considered
the disease as restricted to the respiratory
tract and the initial case definition focused on
the presence of upper and/or lower respira-
tory tract symptoms associated with fever." As
the outbreak rapidly extended worldwide, it
became apparent that COVID-19 included a
wider spectrum, ranging from asymptomatic
or mild self-limited infections to severe pneu-
monia and clinical presentations beyond
respiratory symptoms.”'?
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As of May 2021, >160million cases of COVID-19 have
been reported worldwide, although the majority do not
require hospitalisation. However, it remains essential to
grasp the whole clinical picture, including symptoms
and predictive factors of disease progression among the
outpatient population, to identify those that can safely
stay isolated at home with minimum follow-up. This
distinction is particularly important when the number of
patients increases exponentially, or countries experience
new waves of cases. To date, COVID-19 clinical and epide-
miological characteristics have been mainly reported
among patients hospitalised with pneumonia’ " and
only a few studies have focused on risk factors associ-
ated with the clinical outcome and disease progression,
including a comparison of the various degrees of severity
observed during hospitalisation.” !

This study aimed to develop and validate a prediction
model to derive a simple ambulatory score (OUTCoV
score) based on symptoms, age and comorbidities that
could be used among outpatients with SARS-CoV-2 infec-
tion to help clinicians decide on an appropriate follow-up
of patients isolated at home.

METHODS

Study design, setting and participants

We conducted a single-centre, prospective, cohort study
of outpatients presenting to the SARS-CoV-2 testing
centres at Geneva University Hospitals (Hopitaux
Universitaires de Genéve (HUG), Geneva, Switzerland)
between 2 March and 23 April 2020, corresponding to
the epidemic first wave. HUG is a 2000-bed teaching
hospital and one of the largest in Europe, serving a popu-
lation of approximately 500 000 residents. Four dedicated
SARS-CoV-2 testing centres within the existing outpatient
facilities were set up at the end of February 2020. Patients
presenting with severe signs of infection were reoriented
to the HUG emergency room. All COVID-19-related
hospitalisations (1088 at 23 April 2020) in the canton of
Geneva were centralised at HUG.

The testing strategy followed the recommendations
of the Swiss national health authorities and targeted
all persons with respiratory symptoms with or without
fever. After testing positive for SARS-CoV-2 infection, all
patients who did not immediately present hospitalisation
criteria were isolated at home for at least 10 days and
followed-up through regular telephone calls by the local
health authorities. An in-person medical evaluation was
proposed for those who presented symptoms of disease
progression, either at home or at the emergency care
department, depending on severity.

Patients were included if they attended the HUG
testing centres during the study period and had a posi-
tive SARS-CoV-2 test. Exclusion criteria were as follows:
(1)<16 years old; (2) history of a positive test; (3) refusal
of consent to use their data for research purposes and (4)
patients requiring immediate hospitalisation.

Variables collected and predictors

Demographic, epidemiological and clinical data were
obtained through standardised self-report questionnaires.
Each questionnaire was then reviewed and completed
by a nurse, a trained medical student or a doctor. Symp-
toms included runny nose, sore throat, dry or productive
cough, fever (anamnestic or measured), muscle pain,
chills and a free text to collect other symptoms. The
latter were then recoded under headache, loss of smell or
taste, fatigue, difficulty breathing, abdominal complaints
and thoracic discomfort and added in the more recent
versions of the questionnaires. Date of symptom onset
was also collected. Comorbidities were defined accord-
ingly to international and Swiss recommendations and
included the following: hypertension, chronic respira-
tory diseases (ie, severe asthma and chronic obstructive
pulmonary disease), diabetes, cardiovascular disease (ie,
coronary heart disease, ancient myocardial infarction,
stroke, valvular heart disease, heart failure, atrial fibril-
lation and severe arrhythmia) and immunosuppression
status (ie, solid organ transplant, cancer including onco-
hematologic, immunosuppressive treatment and immu-
nodeficiency (HIV)).

Primary outcome

COVID-19-related hospitalisation was defined as the
primary outcome. Hospitalisation criteria included a
CURB-65 (pneumonia risk) score =2; new dependence
on or an increased need of oxygen; sustained tachypnoea;
poorly controlled comorbidities; deteriorated general
condition or worsening disease. Hospitalisation was
captured from patients’ medical records up to 4weeks
after positive testing for all patients.

Infection status

SARS-CoV-2 infection was detected by reverse transcrip-
tase (RT)-PCR performed on nasopharyngeal or oropha-
ryngeal swabs obtained by either nurses or doctors
following a standardised procedure and processed at
the HUG virology laboratory, the Swiss national refer-
ence laboratory for SARS-CoV-2. RT-PCR was performed
according to manufacturers’ instructions on various plat-
forms, including initially an in-house method using eMAG
(bioMérieux, Marcy I'Etoile, France) and the Charité/
Berlin RT-PCR protocol,'’ followed by the BD SARS-CoV-2
reagent kit for BD Max system (Becton Dickinson & Co,
Franklin Lakes, NJ, USA) and Cobas 6800 SARS-CoV-2
RT-PCR (Roche Diagnostics, Rotkreuz, Switzerland).

Statistical analysis

We used a fixed sample of all hospitalised patients (n=80)
among those who tested positive to SARS-CoV-2 infec-
tion by RT-PCR testing, but who did not require imme-
diate hospitalisation. We applied the rule of at least 10
events per variable to construct our multivariable model
and included a maximum of eight covariates.'” We first
computed descriptive statistics for all variables (percent-
ages and n for categorical variables, mean values and

2

Jacquerioz F, et al. BMJ Open 2021;11:e044242. doi:10.1136/bmjopen-2020-044242



SDs for continuous variables), followed by the 95%
CIs to estimate the prevalence of the main outcome
(hospitalisation).

Prediction model development

All 1459 patients who tested positive by RT-PCR testing in
the development cohort were included for variable selec-
tion and risk score. We tested whether symptoms (fever,
chills, difficulty breathing, dry or productive cough,
abdominal complaints, loss of smell or taste and thoracic
discomfort), age, gender and comorbidities (diabetes,
hypertension, chronic respiratory disease, cardiovas-
cular disease and immunosuppressive status) predicted
hospitalisation using simple logistic regression models.
All variables were assessed in univariate analysis. We then
predefined a list of variables to be included in a multi-
variable model based on a clinical perspective, but also to
respect the conservative convention of at least 10 events
per variable.!” We assessed departures from linearity by
plotting the risk of hospitalisation against continuous
variables (age). We selected the age categories on a clin-
ical perspective (<35, 35—44, 45-54, 55—64 and =65 years)
and verified that the linear spline using these cut-offs best
followed the lowest. We chose to include all the following
variables: fever, chills, difficulty breathing, dry or produc-
tive cough, abdominal complaints, loss of smell or taste,
thoracic discomfort, age in categories, gender, diabetes,
hypertension, chronic respiratory disease, cardiovascular
disease and/or immunosuppressive status. Then, we
performed a stepwise backward procedure and removed
all variables with p=0.05or confounding variables at the
end, we verified the fit of the model by Hosmer-Lemeshow
test.

Model performance and validation
We assessed the model performance in terms of discrim-
ination and calibration. Discrimination was assessed with
the C-statistic and the area under the receiver operating
characteristic curve.'® Calibration was assessed as the
difference between the mean observed and predicted
probabilities and by plotting the observed outcome and
predicted probabilities by decile of the predicted risk of
hospitalisation including non-parametric smoothing."
A calibration slope of 1 and an intercept of 0 indicated
perfect calibration. Overall calibration was summarised by
the ratio of the expected number of events and observed
number of events (E/O) with an optimal value of 1, E/
O« indicated underprediction and >1 overprediction.
Internal validation was performed to estimate the
statistical optimism of the final model. We drew 200 boot-
strapped samples of 1459 patients and developed a model
in each sample, including variable selection. We then
estimated the C-statistic in each sample and assessed the
performance of each model in the original sample. Opti-
mism was estimated as the mean of the difference between
the C-statistic of the bootstrap sample and that of the orig-
inal sample. We subtracted optimism from the C-statistic
of the model developed in the original sample to obtain

the optimism-corrected C-statistic. Finally, we performed
an internal-external validation.'” We performed a cross-
validation procedure using four time periods (2-15
March 2020, 16-29 March 2020, 30 March—12 April 2020
and 13-23 April 2020). We left out one period in turn
and developed models using the same predictors in the
remaining periods and estimated discrimination and cali-
bration in the omitted periods. Again, C-statistics, calibra-
tion slope and overall calibration for each period were
pooled with random effects. We assessed heterogeneity
with I? statistics.

Derivation of the OUTCoV score
The final predictive model included age categories, clin-
ical symptoms (fever and dyspnoea) and comorbidities
(high blood pressure and chronic respiratory disease). To
develop the OUTCoV score, we assigned points for each
predictor that were proportional to the coefficients of
the regression equation and rounded at 0.5 decimal. We
assessed the accuracy, discrimination and calibration of
the OUTCoV score. Accuracy was assessed using the Brier
score. As the Brier score depends on the prevalence of
the outcome, we also calculated the scaled Brier score to
account for the baseline risk of hospitalisation. The scaled
version ranges from 0% to 100% and indicates the degree
of error in prediction.'” We estimated ‘calibration-in-the-
large’ as the difference between the mean predicted and
observed probabilities and the ratio of the predicted and
observed number of events. We also plotted the observed
and predicted probabilities of death by decile of the
score and with local regression based on the LOESS
algorithm."” We estimated the calibration intercept and
slope of the calibration plot as a measure of the spread
between the predicted and observed outcome. The sensi-
tivity, specificity, positive and negative likelihood ratios of
the OUTCoV score were estimated, including the positive
and negative predictive values

To provide optimal values for the rule-in and
rule-out.”’ *' All analyses were performed using STATA
software (V.16.0; Stata Corp, College Station, TX, USA).

Patient and public involvement

Given the urgency and rapid progression of the COVID-19
pandemic, there was a need to disseminate information
quickly and thus patients were not directly involved in
the development, implementation or interpretation of
this research study. Furthermore, this study was based on
chart reviews, which were not accessible to non-medical
or non-research personnel, limiting patient and public
involvement.

RESULTS

Participants

Among the 7699 visits to the testing centres, 1487 (19.3%)
individuals tested positive for SARS-CoV-2 infection. A
total of 28 visits were excluded as they corresponded to
SARS-CoV-2-infected cases re-consulting after a first visit'?
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or they did not consent to the use of their data for research
purposes.” A total of 1459 participants were included
in the analysis (mean age 41.8+13.3 years; 57.8% (843)
were women). On 23 April 2020, they represented 30.8%
(1459/4726) of the SARS-CoV-2-positive cases in the
canton of Geneva. The remaining positive cases (69.2%)
corresponded to patients tested in private laboratories,
clinics and nursing homes, or at the time of hospitalisa-
tion for severe conditions related or unrelated to COVID-
19. A total of 52.8% (771/1459) consulted during the
first 3 days of symptom onset, 27.1% (395/1459) between
4 and 7days and 14.4% (210/1459) after 7days. A total
of 1.4% (21/1459) did not have a date of symptom onset
as they were asymptomatic, and the remaining 4.3%
(63/1459) were unable to give a date of symptom onset.

Outcome data

Eighty of 1459 participants were hospitalised for COVID-19
(5.5%; 95% CI 4.4 to 6.8) during the follow-up period.
Mean age was 51.5+13.2 years; 48.8% were women.

Predictors of hospitalisation

Symptoms and vulnerability factors significantly asso-
ciated with hospitalisation are reported in table 1. An
increased risk of hospitalisation was clearly associated
with the number of risk factors present: one or more risk
factors (OR 3.77 (95% CI 2.38 to 5.94); p=0.001); two
or more risk factors (OR 5.87 (95% CI 3.28 to 10.49);
p<0.001) and three or more risk factors (OR 6.20 (95%
CI 2.55 to 15.06); p<0.001).

Prediction model of hospital admission

The final prediction model included five covariates
(table 2). The performance of the model developed
showed good discrimination with a C-statistic of 0.79
(0.75 to 0.84). Calibration was good with no differences
between observed and predicted hospitalisation, except
for high-risk patients (20/1459) in whom the risk was over-
estimated above a predicted probability of 0.3 (figure 1).
Bootstrap resampling showed a small model optimism
of 0.0256 and gave an optimism-corrected C-statistic of
0.7697 that was slightly changed. At internal-external
validation, the C-statistic ranged from 0.75 to 0.89. The
pooled C-statistic was 0.81 (0.75 to 0.88) with no hetero-
geneity across the four periods (I’=51.7%, p=0.102). The
pooled calibration slope was 0.65 (0.35 to 0.96). The
calibration slope and overall calibration showed hetero-
geneity, especially for periods 1 and 4, due to unequal
number of events across the four periods (I°=69.3% and
73.2% (p=0.021and p=0.011), respectively).

The OUTCoV score

We created the OUTCoV score as follows: fever, 1.5
points; dyspnoea, 1 point; chronic respiratory disease, 1
point and hypertension, 1.5 points. For age categories
(reference <35 years): 35—44 years, 1 point; 45-54 years,
1.5 points; 55—-64 years, 2 points and 265 years, 2.5 points.
The total score ranged from 0 to 7.5 points. The perfor-
mance of the score is shown in online supplemental table

S1. The scaled Brier score was 18%. The calibration curve
showed overprediction in high-risk patients, similar to
the development prediction model (figure 2). The cali-
bration intercept was close to 0 (0.0064) with a calibra-
tion slope of 0.88; overall calibration was perfect (online
supplemental table S1). The sensitivity and specificity,
positive and negative likelihood ratios, and positive and
negative predictive values at different thresholds of the
OUTCoV score are shown in table 3. We chose two cut-
off (3 and 5.5) which optimised the decision rules. We
added a specific table presenting the negative predictive
value for score <3 and positive predictive value for score
between 3 and 5.5, and score >5.5 (table 4).

DISCUSSION

In this study, we constructed and internally validated a
simple clinical scoring model—the OUTCoV score—
to predict hospitalisation of individuals with COVID-19
using data from an ambulatory cohort of newly diagnosed
SARS-CoV-2-infected patients in the canton of Geneva
(Switzerland), which was severely hit by the COVID-19 first
wave.”” The COVID-19 pandemic has resulted in a rapidly
increasing number of infected patients isolated at home.
It is thus crucial to adapt prehospital case management
and develop strategies to safely keep patients at home and
promptly identify those that may need hospitalisation.

Our scoring model ranges from 0 to 7.5 points based on
variables independently predictive of hospitalisation. To
enhance its practical implementation, we categorised the
model into the following three groups according to the
level of risk of being hospitalised: low (0-2.5 points); inter-
mediate (3-5 points) and high (5.5-7.5 points). We chose
the model that best identified patients that have the least
chance of developing complications leading to hospital-
isation (rule-out risk). This is particularly important as an
essential part of the strategy to avoid overwhelming health
systems is to encourage home isolation of SARS-CoV-2-
infected patients with mild symptoms, without sacrificing
quality of care. In the selected model, a low risk translated
as a 1.8% chance of being hospitalised and corresponded
to 68% of our study population. By contrast, a high risk
meant a 30% chance of being hospitalised, with 1.4% of
our patients in this category. Although the model over-
estimated the risk of hospitalisation in the latter group,
this represented a small number of patients who would
have been more regularly contacted to assess their health
condition.

The OUTCoV score model highlights the importance
of focusing on individuals with fever, dyspnoea, older
age and comorbidities (particularly hypertension and
chronic respiratory disease). Fever and dyspnoea as
predicting symptoms of hospitalisation is consistent with
the meta-analysis of Zheng et al,* which reported the
same symptoms for disease progression during hospital-
isation among 13 studies looking at risk factors for critical
and fatal COVID-19. Guan et al'* reported fever in almost
all patients with pneumonia during hospitalisation, but
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Table 1 Associations between symptoms, age, comorbidities and hospitalisation

Descriptives Hospitalisation

Bivariate associations*

% (n) % (n) Yes, % (n) No, % (n) Odds ratio (95% CI) P value
Female 57.8 (843) 48.8 (39) 58.3 (804) Ref. -
Male 42.2 (616) 51.2 (41) 41.7 (575) 1.47 (0.94 to 2.31) 0.094
Symptoms
Cough 71.4 (1042) 72.5 (58) 71.4 (984) 1.06 (0.64 to 1.75) 0.826
Muscle pain 57.7 (842) 63.8 (51) 57.4 (791) 1.31 (0.82 to 2.09) 0.262
Fever 47.6 (695) 73.8 (59) 46.1 (636) 3.28 (1.97 to 5.46) <0.001
Runny nose 46.6 (680) 33.8 (27) 47.4 (653) 0.57 (0.35 to 0.91) 0.019
Headache 45.0 (657) 42.5 (34) 45.2 (623) 0.90 (0.57 to 1.42) 0.640
Chills 39.6 (578) 50.0 (40) 39.0 (538) 1.56 (0.99; 2.46) 0.052
Sore throat 31.3 (456) 23.8 (19) 31.7 (437) 0.67 (0.40to 1.14) 0.139
Loss of smell or taste  25.5 (372) 16.3 (13) 26.0 (359) 0.55 (0.30 to 1.01) 0.054
(eg, anosmia)
Fatigue 24.3 (354) 17.5 (14) 24.7 (340) 0.65 (0.36 to 1.17) 0.150
Abdominal complaints 16.0 (234) 16.3 (13) 16.0 (221) 1.02 (0.55 to 1.87) 0.958
Difficulty breathing 12.5 (183) 21.3(17) 12.0 (166) 1.97 (1.13 to 3.45) 0.017
(dyspnoea)
Thoracic discomfort 9.9 (144) 10.0 (8) 9.9 (136) 1.02 (0.48 to 2.15) 0.968
No symptom 1.4 (21) 1.3 (1) 1.5 (20) 0.86 (0.11 to 6.49) 0.884
Total no. of symptoms  4.36 (2.04) 4.54 (2.09) 4.37 (2.04) 1.04 (0.93 to 1.16) 0.476
(mean, SD)
Early visit after 56.0 (771) 48.6 (34) 56.4 (737)
symptom onset
(<8days)
Age and comorbidities (years)
<35 35.2 (513) 10.0 (8) 36.6 (505) Ref. -
35-44 22.5 (328) 20.0 (16) 22.6 (312) 3.24 (1.37 to 7.65) 0.007
45-54 23.5 (343) 30.0 (24) 23.1 (319) 4.75 (2.11 10 10.70) <0.001
55-64 14.6 (213) 25.0 (20) 14.0 (193) 6.54 (2.83 to 15.10) 0.001
>65 4.2 (62) 15.0 (12) 3.6 (50) 15.15 (5.91 to 38.81) <0.001
Chronic respiratory 9.7 (141) 18.8 (15) 9.1 (126) 2.29 (1.27 to 4.14) 0.006
disease
Hypertension 8.2 (120) 25.0 (20) 7.3 (100) 4.26 (2.47 to 7.36) <0.001
Diabetes 3.8 (56) 11.3(9) 3.4 (47) 3.59 (1.69 to 7.62) 0.001
Immunosuppression/ 3.6 (52) 6.3 (5) 3.4 (47) 1.89 (0.73 to 4.89) 0.190
cancer
Cardiovascular disease 2.6 (38) 8.8 (7) 2.3 (31) 417 (1.78 10 9.79) 0.001

*Simple logistic regressions: outcome: hospitalisation.

only half had fever at symptom onset. Therefore, when
present, fever should not be minimised, even in patients
not so severely ill as to suggest a risk of complications. Age
=65 years was the variable most strongly associated with
hospitalisation.

Regarding comorbidity and adjustment for the
confounding effect of age, only hypertension remained
significant and chronic respiratory diseases was only
marginally significant. We chose to keep both in the model

and did not include other comorbidities. However, recent
studies on inpatients with COVID-19 have reported that
all comorbidities were significantly more prevalent in crit-
ically ill patients and associated with adverse outcomes.”
The discrepancy with our findings may be due to the
limited number of hospitalisations. Overall, we can assume
that comparable comorbidities predict disease progres-
sion among outpatients, thus leading to hospitalisation,
and among inpatients (leading to adverse outcomes).
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Table 2 Prediction model for the risk of hospitalisation
among patients newly diagnosed with SARS-CoV-2 infection
in ambulatory settings

Multivariable associations*

Odds ratio (95% Cl) P value
Age (reference <35 <0.001
years)
35-44 3.16 (1.32 to 7.58) 0.010
45-54 4.32 (1.88 to 9.93) 0.001
55-64 5.51 (2.31 to 13.14) <0.001
>65 9.26 (3.34 to 25.68) <0.001
Dyspnoea 2.52 (1.39 to 4.54) 0.002
(reference none)
Fever (reference 3.44 (2.02 to 5.84) <0.001
none)
Hypertension 2.90 (1.57 to0 5.36) 0.001
(reference none)
Chronic respiratory 2.23 (1.19 to 4.16) 0.012

diseases (reference
none)

*Logistic regression. AUC of the model: 0.7954 (0.74590.8449).
Hosmer-Lemeshow: p=0.097.
AUC, area under the curve.

Therefore, this aspect has to be weighted when using the
score and further studied in larger populations.

Implications for clinical practice

Based on the risk of hospitalisation, the model calls for an
adapted strategy of patient follow-up to assess their health
condition during the first 10 days of disease. We propose
that individuals in the low-risk group be given the option
of calling a health professional or visit an emergency care

1| slope=0.504
Intercept=0.0053
AUC=0.79

Observed probability of hospitalisation

T T T T T T T T T T

2 3 4 5 6 N4 8 9 1
Predicted probability of hospitalisation

Figure 1 Calibration curve of the development prediction

model. AUC, area under the curve.

1 Ssiope=03s
Intercept=0.0063
AUC=0.79

Observed probability of hospitalisation

T T T T T T T T T T

2 3 4 5 6 7 8 9 1
Predicted probability of hospitalisation

Figure 2 Calibration of the the OUTCoV score. AUC, area

under the curve.

facility if their condition worsens. Individuals in the high-
risk group require a very close ambulatory monitoring
and will benefit the most from daily or every other day
calls by health professionals to evaluate how their condi-
tion evolves. with in-person visits when necessary. In that
group, follow-up could last longer than 10 days. Indi-
viduals with an intermediate risk could be called every
3-4days. They could also benefit from a follow-up system,
such as the one developed by the HUG primary care
service entitled the ‘Patient-Reported Outcome COVID-
19’ (PRO-COVID),*! with the aim to facilitate the dissem-
ination and sharing of COVID processes for ambulatory
care centres worldwide. In brief, PRO-COVID allows the
patient to report his/her symptoms on a daily basis using
an electronic secured platform. If serious symptoms are
reported, the patient is called for a medical evaluation.
The score can be adjusted to the patient’s disease progres-
sion, meaning that the same patient might change group
at each evaluation.

All variables in the OUTCoV scoring model are easy to
collect during the initial medical encounter and do not
require laboratory work. The score could also be used as a
self-assessment tool on a digital app, with the advantage of
providing patients and clinicians with an easy-to-use tool
for athome patient monitoring. This is extremely useful
when the number of patients exceeds the health system
resources and follow-up services need to be focused on
vulnerable patients at most risk of complications. In addi-
tion, OUTCoV can be used in addition to providing conti-
nuity of care and adaptation of treatments for chronic
diseases that are crucial elements to help prevent detri-
mental outcomes of SARS-CoV-2 infection in the absence
of a curative treatment for COVID-19. Importantly, the
scoring system can be used in all settings and populations
and can be a useful decision-making tool in countries with
limited resources and an exponential number of cases.
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Table 4 Positive and negative predictive values according
to OUTCoV score for hospitalisation after positive SARS-
CoV-2 RT-PCR at the two chosen cut-offs

Positive predictive Negative predictive
Threshold (n) value value
<3 (n=997) — 98.2 (97.2 to 98.9)
>3 and <5.5 (n=442) 12.7 (9.7 to 16.1) -
>5.5 (n=20) 30.0(11.9t054.3) -

The area under the ROC curve for this score was 0.7932 (95%
Cl 0.7436 to 0.8429).

ROC, receiver operating characteristic; RT-PCR, reverse
transcriptase - polymerase chain reaction.

Strengths and limitations of this study

Our study has unique strengths. To our knowledge, predic-
tion models for the risk of hospitalisation are scarce. During
the first wave, most countries applied a lockdown period to
preserve their care facilities from an uncontrolled patient
flow and saturation of the healthcare system. There is a
pressing need to have simple and useful tools to personalise
outpatient care management and optimise follow-up strate-
gies. Our prediction model has a very good discrimination
capacity and overall calibration of the OUTCoV score is
almost perfect. Although external validation of the model
was not performed, we conducted an appropriate internal
validation with bootstrapping, completed by an internal—-
external validation." All these validations ensured that our
score had a validation per se.

The study has some limitations. First, the number of
outcome events was low, leading to an overprediction of
the hospitalisation risk for high-risk outpatients. This also
limited the number of variables in the scoring model. Thus,
the model needs retrospective and prospective external
validation in diverse sets of outpatients and larger cohorts.
However, the score shows a very good discrimination for
identifying patients that do not need a close follow-up and is
particularly useful for settings with an exponential number
of infected individuals and widespread testing strategies
that capture milder cases. Second, variables such as body
mass index, socioeconomic status, oxygen saturation or
chest X-ray were not systematically collected and need to
be further investigated as risk factors for hospitalisation and
added in the model. Moreover, we used data that were prag-
matically retrieved in a very simple questionnaire submitted
to patients when they waited for SARS-CoV-2 screening.
This questionnaire was not preliminary validated using
mixed-methods design such as for the Remote COVID-19
Assessment in Primary Care (RECAP-V0).®

Third, participants non-resident in Geneva could have
been hospitalised elsewhere. However, we ran sensitivity
analyses excluding individuals who lived outside the canton
of Geneva and the findings were similar (online supple-
mental tables S2 and S3) Finally, approximately half of the
reported SARS-CoV-2-infected individuals in Geneva canton
were diagnosed in private laboratories or clinics across the
city. The choice of where to be tested was certainly based
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on convenience and proximity and we do not expect any
major difference between those tested at the HUG testing
centres versus elsewhere.

CONCLUSION

The OUTCoV score helps to rule-out two-thirds of outpa-
tients with SARS-CoV-2 infection and a low risk of hospi-
talisation. This allows to focus on a small number of
high-risk outpatients who may require careful follow-up
to timely identify the need for hospitalisation. As part of
a pre-hospital case management strategy, the OUTCoV
scoring model provides a simple decision-making tool that
leads to an effective allocation of resources and ensures
quality care for populations at risk of complications.
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