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ABSTRACT

Background: The COVID-19 pandemic has imposed significant challenges on hospital capacity. While mitigating unneces-
sary crowding in hospitals is favourable to reduce viral transmission, it is more important to prevent readmissions with
impaired clinical status due to initially inappropriate level of care. A validated predictive tool to assist clinical decisions for
patient triage and facilitate remote stratification is of critical importance.

Methods: We conducted a retrospective study in patients with confirmed COVID-19 stratified into two levels of care,
namely ambulatory care and hospitalization. Data on socio-demographics, clinical symptoms, and comorbidities were col-
lected during the first (N=571) and second waves (N=174) of the pandemic in Belgium (2 March to 6 December 2020).
Univariate and multivariate logistic regressions were performed to build and validate the prediction model.

Results: Significant predictors of hospitalization were old age (OR = 1.08, 95%Cl:1.06-1.10), male gender (OR = 441,
95%Cl: 2.58-7.52), dyspnoea (OR 6.11, 95%Cl: 3.58-10.45), dry cough (OR 2.89, 95%Cl: 1.54-5.41), wet cough (OR 4.62,
95%Cl: 1.93-11.06), hypertension (OR 2.20, 95%Cl: 1.17-4.16) and renal failure (OR 5.39, 95%Cl: 1.00-29.00). Rhinorrhea (OR
0.43, 95%Cl: 0.24-0.79) and headache (OR 0.36, 95%Cl: 0.20-0.65) were negatively associated with hospitalization. A
receiver operating characteristic (ROC) curve was constructed and the area under the ROC curve was 0.931 (95% Cl:
0.910-0.953) for the prediction model (first wave) and 0.895 (95% Cl: 0.833-0.957) for the validated dataset (second wave).
Conclusion: With a good discriminating power, the prediction model might identify patients who require ambulatory care
or hospitalization and support clinical decisions by Emergency Department staff and general practitioners.
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Introduction

Since the COVID-19 pandemic was recognized by the
World Health Organization on 11 March 2020, the pan-
demic has challenged healthcare systems worldwide. To
date (15 December 2020), 73,179,330 confirmed cases
and 1,545,824 fatalities of COVID-19 have been reported
in the world [1], exposing many countries to huge finan-
cial loss and fatalities. In this regard, Belgium, together
with Peru and ltaly, has shared unfortunate high death
rates (~1,572 per million inhabitants) [2].

Healthcare systems in these countries have experi-
enced shortages of hospital beds and over-capacity chal-
lenges. Policymakers, healthcare professionals, and
hospital management have sometimes worked with
uncertainties when lack of intensive care unit (ICU) beds
was expected within days.

Due to the complex nature of COVID-19 and lack of
specific symptoms, patients with other infections may
have similar symptoms. Many infected patients remain
pauci- or asymptomatic but cause increased risk of viral
transmission when they are admitted in hospitals or are
in contact with vulnerable individuals such as the eld-
erly, especially in crowded hospitals [3].

Together with strategies to reduce viral transmission
such as physical distancing, wearing facemasks, and
closing down schools and businesses, triage procedures
in the Emergency Department have been widely used to
identify COVID-19 patients, and to evaluate the need for
in-hospital care. A predictive tool that might help stratify
patients with suspected COVID-19 into different levels of
care is of critical importance to reduce the pressure on
hospitals and the risk of nhosocomial spread. To be useful
in the Emergency Department and assist clinicians in
daily practice and ensure patient safety, such a tool
should be simple, easy to use, and based on immedi-
ately accessible information.

Symptoms of COVID-19 range from flu-like symptoms
such as fever, cough, and headache to more severe
manifestations such as dyspnoea, myalgia, or anosmia
[4]. Previous studies indicated that the risk of COVID-19
and hospitalization was associated with one or more
comorbidities such as hypertension, heart disease, dia-
betes, renal failure, or pulmonary disease [5-7].
Moreover, old age and male gender, in the presence of
comorbidities, are risk factors for severe complications
and mortality [8].

To date, few studies have focussed on stratification of
patients with confirmed COVID-19 at arrival to hospital
based on socio-demographics, clinical symptoms, and

comorbidities. Some studies examined either patient
characteristics only or one type of comorbidity such as
hypertension and had limited sample sizes (n < 200)
[3,9,10]. However, as discussed by Wynants et al. [11],
most prediction models for COVID-19 or outcomes were
validated using internal validation approaches, such as
dividing the dataset into training and testing datasets,
or using a small or less representative external sample
as in the study by Ryan et al. [3].

These concerns motivated us to design the present
study using an original statistical model to identify the
hospitalization risk for patients with confirmed COVID-
19. This model was developed and validated using data
collected during the first and the second waves of the
pandemic at the University Hospital Centre of Liege,
Belgium. We aimed to develop and validate a prediction
tool to support clinical decisions in patient triage and to
facilitate remote stratification when in-person evalua-
tions must be restricted during crisis management.

Materials and methods
Research context

The study was conducted during the first and second
waves of the SARS-Cov-2 outbreak in Belgium at
the two Emergency Department triage centres of the
University Hospital Centre of Liege. According to the
strategies implemented by the Belgian government, the
first wave period from 2 March 2020 to 15 June 2020
was divided into three stages [4]. The pre-lockdown
stage from 2 March to 17 March marked the beginning
of the pandemic in Belgium. The lockdown stage from
18 March to 4 May was characterized by the implemen-
tation of strict measures including closing non-essential
shops, travel restrictions, and contact prohibition among
friends and family members. In the post-lockdown stage
from 4 May to 15 June, restrictions were gradually lifted,
and businesses resumed, hospital activities were reor-
ganized, and in-person meetings and contacts were pos-
sible. 18 June 2020 marked the second wave of the
pandemic in Belgium. Up to the time of the present
study, i.e. 6 December 2020, lockdown measures have
been implemented and are expected to be relaxed in
February 2021 after a thorough evaluation by the
Belgian National Security Council.

During the study period, patients presenting at the
two centres were triaged based on a non-invasive clin-
ical triage scale, which included 11 symptoms ranging
from flu-like to more severe conditions (see further
below). Patients were directed to the COVID centre if



they had one of these symptoms. During the first wave,
socio-demographic data, hospital administrative data,
clinical symptoms, and comorbidities of 4,489 patients
aged 16years or older were entered into the database.
After initial evaluation, 2,735 patients were tested for
SARS-Cov-2. In the analysis, we included 571 out of 628
patients who were confirmed with COVID-19 based on
real-time polymerase chain reaction (RT-PCR) analysis of
nasopharyngeal swabs [4] and whose medical records
were complete. In hospitalized patients, RT-PCR was
done more than once if chest computed tomography
(CT) showed findings compatible with COVID-19. One
hundred and seventy-four patients with confirmed
COVID-19 were eligible for inclusion in the second
wave dataset.

Variables

Three categories of independent variables were col-
lected. Socio-demographic variables included age and
gender. Eleven clinical symptoms were recorded: dys-
pnoea, chest pain, rhinorrhea, sore throat, dry cough,
wet cough, diarrhoea, headache, myalgia, fever, and
anosmia. Seven types of comorbidities were registered:
arterial hypertension, diabetes, cardiac disease, immuno-
suppression, pulmonary disease, cancer, and chronic
renal failure. The outcome variables referred to the level
of care patients received after testing positive for
COVID-19. These included ambulatory care (discharged
home the same day) and hospitalization (admission to a
hospital unit for further treatment). If a patient was first
discharged but admitted to the hospital a few days later,
he/she was registered in the hospitalization group.

Data analysis methods

First of all, descriptive statistics were performed.
Quantitative variables were described by median and
interquartile ranges (IQR) and qualitative variables by
frequencies and percentages. Comparisons of socio-
demographics, clinical symptoms, and different types of
comorbidities were conducted across two categories of
patients, namely ambulatory care and hospitalization.
Mann-Whitney U test was used for quantitative variables
and Fisher’s exact test or y° test for qualitative variables.

To assess the likelihood of hospitalization, univariate
binary logistic regression was done to examine the asso-
ciation between socio-demographics, clinical symptoms,
comorbidities, and the level of care. Variables with p-
value <.05 were included in the multivariate analysis,
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using backward elimination. Accordingly, variables with
p-values = >.05 were not included. The final model was
selected by the likelihood-ratio test which compared the
simplified and the complex models. The results are pre-
sented as odds ratios (ORs) with 95% confidence inter-
vals (Cls). The model fit was evaluated by
Hosmer-Lemeshow test, R (Cox-Snell and Nagelkerke,
respectively), and the area under the curve (AUC) of the
receiver operating characteristic (ROC) curve.

Sensitivity analysis was performed to test the robust-
ness of the prediction function by comparing the AUCs
obtained with the full dataset and with the sub-datasets
when removing data from one of the three stages. The
predictive values of the significant variables were also
calculated after removing age and gender. Additionally,
we tested if the results of the multivariate model
changed if variables with p <.10, p<.15, and p <.20 in
univariate analysis were included in the model.

Finally, the model(s) was validated using the dataset
obtained from the second wave in which the 95%Cl of
the AUC-ROC was calculated using bootstrapping on
2000 bootstrapped samples. Furthermore, risk score
models were developed using the ORs from the final
logistic regression model to facilitate the practical use of
the tool. Before the risk model was built, Youden’s
index, i.e. the sum of sensitivity and specificity minus
one, was used together with the ROC curve, to deter-
mine the best cut-off value for age. Subsequently, the
AUC-ROC was calculated for each risk score model, to
select the most explanatory model. The analyses were
performed in SPSS v.26 and the pROC package in R [12].

The study design was approved in principle by the
Ethical Committee of the University of Liege before it
was started and the official approval with reference
number 2021-013 was received on 26 January 2021.
Informed consent exempted by the Ethical
Committee for this type of study due to the anonymity
of data retrieval.

was

Results
Participants

In the first wave, patients aged 50-59years constituted
the largest group (n=100, 17.5%), followed by patients
older than 79years (n=97, 17.0%) and 60-69 years
(n=16.6%). The median age of all 571 patients was
58years, [IQR 40-73]. The number of female patients
(=293, 51.3%) was slightly higher than that of male
patients (n=278, 48.7%). Most patients were from
Belgium (n =565, 98.9%). In the lockdown stage from 18
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Table 1. Descriptive statistics of socio-demographics, transport, and the required level of care (N=571).

Variables Categories First wave, N (%) Second wave, N (%)

16-19 0 (0.00) 5 (2.87)
Age group 20-29 47 (8.23) 13 (7.47)

30-39 89 (15.59) 14 (8.05)

40-49 65 (11.38) 21 (12.07)

50-59 100 (17.51) 33 (18.97)

60-69 95 (16.64) 37 (21.26)

70-79 78 (13.66) 37 (21.26)

>79 97 (16.99) 14 (8.05)

Median = 58, Median = 60.5,
IQR [40-73] IQR [43-72]

Gender Male 278 (48.69) 100 (57.47)

Female 293 (51.31) 74 (42.53)
Country Belgium 565 (98.95) 171 (98.28)

France 3 (0.53) 3(1.72)

Luxembourg 3 (0.53) 0 (0.00)
Period Wave 1

Pre-lockdown stage (2 March-17 March) 56 (9.81)

Lockdown stage (18 March-3 May) 496 (86.87)

Post-lockdown stage (4 May-15 June) 19 (3.33)

Wave 2

From 18 June to 6 December 2020 174 (100.00)
Level of care required Ambulatory care 232 (40.63) 76 (43.68)

Hospitalization 339 (59.37) 98 (56.32)

March 2020 to 3 May 2020, the highest number of
patients arrived at the two triage centres (n=496,
86.9%). Roughly two-thirds of the visits were self-refer-
rals (n=391, 68.5%), 144 (25.2%) visits required an
ambulance, and 27 (4.7%) needed doctor-led emergency
medical services (EMS). After consultation and diagnosis,
232 (40.6%) patients with confirmed COVID-19 were sent
home and managed in ambulatory care, whereas 339
(59.4%) were admitted to the hospital.

In the second wave, roughly half of the patients were
above 60years of age, with a median of 60.50 years [IQR
43-72]. Male patients accounted for 57.5% and most
patients were from Belgium (n=171, 98.3%). Hospital
care was required in 56.3% (n=98) of patients and
43.7% (n=76) received ambulatory care.

Using Bonferroni correction, there was no significant
difference in age between patients in wave 1 and wave
2 (p=.820). Pearson chi-square test revealed a non-sig-
nificant difference in the observed numbers of male and
female patients (p=.084) in both waves. The level of
care did not differ significantly between the
two (p =.950).

The results are presented in Table 1.

Socio-demographics, clinical symptoms, and
comorbidities of patients with confirmed COVID-19

Table 2 presents the results obtained from the
Mann-Whitey, chi-square tests, and univariate logistic

regression, in which patients were categorized into
ambulatory care and hospitalization using data from the
first wave.

Patients who were hospitalized were older than those
in ambulatory care with a median age of 69years [IQR
58-81] and 39years [IQR 32-53], respectively, OR 1.10
(95%Cl: 1.08-1.12). More males (n=206, 60.8%) than
females (n=133, 39.2%) were hospitalized, OR 3.44
(95%Cl: 2.42-4.90).

There were significant differences in symptomatology
between patients in ambulatory care and hospitalized
ones. Dyspnoea (p <.001) and wet cough (p <.05) were
more frequently reported by hospitalized patients, OR 5.57
(95%Cl: 3.86-8.04) and OR 1.68 (95%Cl: 1.01-2.80), respect-
ively. Patients in ambulatory care more often reported rhi-
norrhea (p <.001, OR 0.19, 95%Cl: 0.13-0.28), sore throat
(p <.001, OR 0.28, 95%Cl: 0.18-0.42), dry cough (p < .05,
OR 0.71, 95%Cl: 0.51-0.99), headache (p <.001, OR 0.15,
95%Cl: 0.10-0.22), and myalgia (p <.001, OR 0.24, 95%Cl:
0.17-0.34). There were no significant differences for chest
pain, diarrhoea, fever, and anosmia.

Hospitalized patients were more likely to have hyper-
tension (p <.001, OR 6.67, 95%Cl: 4.21-10.58), diabetes
(p<.001, OR 3.84, 95%Cl: 2.17-6.77), cardiac disease
(p <.001, OR 5.22, 95%Cl: 3.02-9.01), cancer (p=.01, OR
3.76, 95%Cl: 1.28-11.11), and renal failure (p <.001, OR
9.95, 95%Cl: 2.34-42.27). There were no significant differ-
ences in immune suppression and pulmonary disease
between the two groups.
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Table 2. Group comparison and results from univariate binary logistic regression regarding the probability of hospi-

talization vs. ambulance care (N=571).

Variables Ambulatory care (n=232) Hospitalization (n =339) p Value® OR (95% Cl)
Socio-demographics
Age 39 [IQR: 32-53] 69 [IQR: 58-81] <.001 1.10 (1.08-1.12)
Gender
Male 72 (31.03) 206 (60.77) <.001 3.44 (2.42-4.90)
Female 160 (68.97) 133 (39.23)
Clinical symptoms®?
Dyspnoea 65 (28.02) 232 (68.44) <.001 5.57 (3.86-8.04)
Chest pain 47 (20.26) 63 (18.58) 0.618 0.9 (0.59-1.37)
Rhinorrhea 120 (51.72) 57 (16.81) <.001 0.19 (0.13-0.28)
Sore throat 77 (33.19) 41 (12.09) <.001 0.28 (0.18-0.42)
Dry cough 134 (57.76) 167 (49.26) .046 0.71 (0.51-0.99)
Wet cough 24 (10.34) 55 (16.22) .046 1.68 (1.01-2.8)
Diarrhoea 46 (19.83) 83 (24.48) 191 1.31 (0.87-1.97)
Headache 156 (67.24) 79 (23.3) <.001 0.15 (0.1-0.22)
Myalgia 140 (60.34) 90 (26.55) <.001 0.24 (0.17-0.34)
Fever 145 (62.5) 225 (66.37) 341 1.18 (0.84-1.68)
Anosmia 6 (2.59) 3(0.88) .109 0.34 (0.08-1.36)
Comorbidities®?
Hypertension 26 (11.21) 155 (45.72) <.001 6.67 (4.21-10.58)
Diabetes 16 (6.9) 75 (22.12) <.001 3.84 (2.17-6.77)
Cardiac disease 17 (7.33) 99 (29.2) <.001 5.22 (3.02-9.01)
Immunosuppression 12 (5.17) 15 (4.44) .685 0.85 (0.39-1.85)
Pulmonary disease 26 (11.21) 46 (13.57) 404 1.24 (0.75-2.08)
Cancer 4(1.72) 21 (6.19) .010 3.76 (1.28-11.11)
Renal failure 2 (0.86) 27 (7.96) <.001 9.95 (2.34-42.27)

The presence of trait is presented; °Referenced category = No; “p-value was for Mann-Whitney U test of age differences and Pearson chi-

square test of association for all qualitative variables.

Predictors of hospitalization in patients with
confirmed COVID-19: Multivariate logistic
regression results

Based on the results obtained from the univariate ana-
lysis, age, gender, dyspnoea, rhinorrhea, dry cough, wet
cough, sore throat, headache, myalgia, hypertension,
diabetes, cardiac disease, cancer, and renal failures were
entered into the multivariate regression model
as predictors.

The results revealed that the model was calibrated
(Hosmer-Lemeshow test y*(8) = 7.88, p=.445).
Significant predictors of being admitted to the hospital

p (hospitalization) =

Rhinorrhea (OR 0.43, 95%Cl: 0.24-0.79) and headache
(OR 0.36, 95%Cl: 0.20-0.65) were negatively associated
with the odds of hospitalization. Altogether, the model
(model 1) accounted for an R?> = 0.504 (Cox-Snell) and
R* = 0.680 (Nagelkerke) with an AUC of 0.931 (95% Cl:
0.910-0.953), and standard error (SE) of 0.011, using the
first wave dataset. The results are presented in Table 3
and the AUC is shown in Figure 1.

Using the significant predictors, a predictive function
Equation (1) for the probability of hospitalization is
derived as follows.

e 433 + 0.08x(age)-+1.48x(male)+1.81x(dyspnea) —0.84x(rhinorrhea+1.06x(dry cough)+1.53x(wet cough)—1.01x(headache)+0.79x(hypertension)-+1.68x(renal failure)

14 e 433+ 0.08x(age)+1.48x(male)+1.81x(dyspnea)—0.84x(rhinorrhea+1.06x(dry cough)+1.53x(wet cough)—1.01x(headache)+0.79x(hypertension)+1.68x(renal failure)

were old age (OR 1.08, 95%Cl:1.06-1.10), being male (OR
441, 95%Cl: 2.58-7.52), dyspnoea (OR 6.11, 95%Cl:
3.58-10.45), dry cough (OR 2.89, 95%Cl: 1.54-5.41), wet
cough (OR 4.62, 95%CI: 1.93-11.06), hypertension (OR
2.20, 95%Cl: 1.17-4.16) and renal failure (OR 5.39,
95%Cl: 1.00-29.00).

(1)

Sensitivity analysis

To examine if the discriminatory power of the predictive
function changed as a function of data collected at dif-
ferent stages of the pandemic, a sensitivity analysis was
performed. Accordingly, we compared the AUC of the
model using the full dataset with the AUCs of models
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when sub-datasets were constructed by removing data
from a specific stage (pre-lockdown, lockdown, and
post-lockdown), socio-demographics, clinical symptoms,
and comorbidities. The results showed that data col-
lected from different stages of the pandemic or remov-
ing one significant variable at a time did not
significantly alter the AUC of the ROC curve, as shown

Table 3. Multivariate logistic regression analysis regarding the
probability of hospitalization vs. ambulance care among COVID-19
confirmed patients using wave 1 dataset (Model 1).

Standard
Variables Coefficient error p Value OR (95% Cl)
Socio-demographics
Age 0.08 0.01 <.001 1.08 (1.06-1.10)
Gender - Male 1.48 0.27 <.001 441 (2.58-7.52)
Clinical signs and comorbidities®
Dyspnoea 1.81 0.27 <.001 6.11 (3.58-10.45)
Rhinorrhea —0.84 0.3 .006  0.43 (0.24-0.79)
Dry cough 1.06 0.32 .001 2.89 (1.54-5.41)
Wet cough 1.53 0.45 .001 4.62 (1.93-11.06)
Headache —1.01 0.29 .001 0.36 (0.20-0.65)
Arterial hypertension 0.79 0.32 015 22 (1.17-4.16)
Chronic renal failure 1.68 0.86 .05 5.39 (1.00-29.00)
Constant —4.33 0.65

“Referenced category = No; R* = 0.504 (Cox-Snell), 0.680 (Nagelkerke). Model
%*(9) = 400.491, p < .001.
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Figure 1. Area under curve (AUC) of the ROC curve = 0.931 (95%
Cl: 0.910-0.953), standard error (SE) = 0.011, using wave 1 dataset.

by the overlapping 95%Cl of the AUCs obtained (Table
4). Interestingly, the model performed better using the
pre-lockdown and post-lockdown datasets. However,
this difference was not significant.

In order to examine the effects of age and gender on
the prediction model, we performed a multivariate
regression analysis without these two socio-demo-
graphic variables and included all the significant factors
from the univariate analysis. All significant predictors
from the previous model upheld their predictive value
(Table A1 in Appendix), including myalgia (OR = 0.54,
95%Cl: 0.31-0.93) and cardiac disease (OR = 2.78,
95%Cl: 1.45-5.34). The model was calibrated
(Hosmer-Lemeshow test y(8) = 14.43, p=.071), and
accounted for R? = 0.394 (Cox-Snell) and R* = 0.532
(Nagelkerke) with an AUC of 0.882 (95% Cl: 0.854-0.911),
and SE of 0.014. Employing fit measures including the
Hosmer-Lemeshow test, the two R? values obtained,
and the AUC, the model with age and gender proved to
be more efficient in predicting hospitalization.

We tested if the model might be altered if variables
with p<.10, p<.15, and p<.20 in the univariate ana-
lysis, namely anosmia (p=.126) and diarrhoea (p=.192)
were added into the multivariate model. Adding anos-
mia did not change the predictive value of the relevant
variables in Equation (1). However, diarrhoea was a sig-
nificant predictor (OR 3.52, 95%Cl: 1.80-6.88, p <.001)
and changed the significance of renal failure (p-value
rose from .050 to .580). Retaining renal failure signifi-
cantly reduced the —2 log-likelihood, and improved the
overall model fit. Therefore, the variable was not
removed from the model. The AUC (ROC) was 0.937
(0.916-0.957), and SE 0.010. The result of the multivari-
ate analysis (Model 2) is shown in Table A2 in Appendix.

Model validation

To validate the predictive power of the prediction
model, we applied Equation (1) to predict the level of
care, i.e. ambulatory care and hospitalization for patients
with confirmed COVID-19 in wave 2. Model 1 performed
quite well as 82.2% of the cases were correctly classified
with a sensitivity of 93.9% and a specificity of 67.1%.
Using model 2 with diarrhoea, 78.7% of the cases were

Table 4. Area under the receiver operating characteristic curve (AUC-ROC) in function of the dataset used.

Dataset

AUC-ROC (95% Cl) Standard error (SE)

All demographic characteristic and relevant symptoms and comorbidities included (as a reference) = ALL (N =571)

ALL periods minus pre-lockdown (n=515)
ALL periods minus lockdown (n=75)
ALL periods minus post-lockdown (n=552)

0.931 (0.910-0.953) 0.011
0.925 (0.900-0.949) 0.012
0.966 (0.927-1.000) 0.020
0.931 (0.909-0.953) 0.011




Table 5. Model comparison across model fit and performance criteria.
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Dataset Criteria Model 1 (9 independent variables) Model 2 (10 independent variables)

Wave 1 —2 Log-likelihood 370.91 356.16
Cox-Snell R? 0.50 0.52
Nagelkerke R 0.68 0.70
Hosmer and Lemeshow Test XZ(S) =788, p=.44 x2(8) =7.726,p = 46
Sensitivity 90.56% 90.86%
Specificity 81.47% 81.47%
AUC-ROC 0.931 (0.910-0.953) 0.937 (0.916, 0.957)

Wave 2 Sensitivity 93.88% 92.86%
Specificity 67.11% 60.53%
AUC-ROC? 0.913 (0.870-0.954) 0.909 (0.863-0.951)

295%Cl of the AUC-ROC was obtained based on 2000 bootstrapped samples.

Table 6. Risk score models and the respective area under the receiver operating characteristic curve (AUC-ROC) with 95% confi-

dence interval.

Variable Type Risk score Model 1 (points) Risk score Model 2 (points) Risk score Model 3 (points)
Age Risk 3 5 1
Male Risk 14 12 10
Dyspnoea Risk 19 16 15
Rhinorrhea Protection 7 19 2
Dry cough Risk 9 7 8
Wet cough Risk 15 9 15
Headache Protection 9 23 2
Hypertension Risk 7 5 6
Renal failure Risk 17 4 41
Total points 100 100 100

AUC-ROC (95% Cl) for wave 1 dataset
AUC-ROC (95%(Cl) for wave 2 dataset

0.874 (0.846-0.902)
0.863 (0.808-0.918)

0.873 (0.845-0.901)
0.833 (0.774-0.893)

0.833 (0.799-0.866)
0.859 (0.804-0.915)

correctly classified, with a sensitivity of 92.9% and a spe-
cificity of 60.5%. The AUC-ROC obtained from models 1
and 2 using bootstrapping on 2000 bootstrap samples
was 0913 (95%Cl 0.870-0.954) and 0.909 (95%Cl
0.863-0.951), respectively.

Model selection

In order to select the final prediction model, different
criteria were compared for model 1 and model 2 as pre-
sented in Table 5. In the process of model building, add-
ing diarrhoea resulted in a slightly better model fit, i.e. a
small decrease in the —2 log-likelihood value, an
increase of 0.02 in R% and 0.3% higher sensitivity.
Applying the two models to predict the level of care of
the 174 patients in wave 2, model 1 outperformed
model 2 with regard to sensitivity and specificity with a
slightly higher AUC-ROC. Based on the criteria of model
parsimony and validation results, model 1 was selected
as the final model for discussion.

Risk score models

Based on the multivariate logistic regression model,
three risk score models were developed based on the
ORs (risk score Model 1), the lower and upper 95% Cl of

the ORs, namely risk score Model 2 and risk score Model
3, respectively. Accordingly, the score for each inde-
pendent risk or protection factor was assigned as an
integer value that was close to the OR divided by the
sum of all ORs in the model and summed up to 100.
Using Youden’s index [12], the best cut-off for age was
54years with AUC = 0.861 (0.830-0.892), a sensitivity
equal to 83.5% and a specificity of 76.3%. Applying this
cut-off for age, three risk score models were developed.
To examine the relationship between the risk score and
the outcome of hospitalization, we calculated the AUC
for each risk score model and for each wave of data.
The result is detailed in Table 6, which shows that risk
score model 1 based on the OR was the best one.
Applying the Youden's index, the cut-off for the risk
score model 1 is 41 points, with a sensitivity of 81.6%
and specificity of 82.9%.

Discussion

The present study found that old age, male gender, dys-
pnoea, dry cough, wet cough, hypertension, and renal
failure were significant predictors of hospitalization in
patients with confirmed COVID-19. Rhinorrhea and head-
ache were protective factors associated with ambula-
tory care.
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Consistent with previous studies, old age and male
gender were predictors of hospitalization in patients
with confirmed COVID-19 [13]. Old age is associated
with reduced immune-response [14]. On the other hand,
female patients are, in general, more adaptive to
immune responses, which results in higher immunity to
viruses [15]. Therefore, the intensity of viral infection is
lower in female patients. These factors may explain why
older male patients are more likely to develop complica-
tions during the infection and at higher risk of
hospitalization.

Dyspnoea, dry cough, and wet cough were associ-
ated with hospitalization, which is in accordance with a
previous report [16] where the chest CT and clinical
data of the patients were compared. Whereas fever,
cough, and dyspnoea are identified as typical symp-
toms of COVID-19 [17], only dyspnoea was significantly
associated with higher mortality as shown in the meta-
analysis by Shi et al. [18]. On the other hand, dry cough
and productive cough were symptoms observed in hos-
pitalized patients [19]. Interestingly, rhinorrhea and
headache, the two most frequently observed symptoms
in patients with COVID-19, were protective factors for
hospitalization.

Hypertension and renal failure were significant pre-
dictors of hospitalization. The results are in accordance
with studies by Jakhmola et al. [20] and Richardson
et al. [6], who found that hospitalized patients fre-
quently presented with hypertension and kidney dis-
ease as well as with those of Ryan et al. [3] and
Harrison et al. [21]. In contrast, despite significance in
the univariate analysis, diabetes, cardiac disease, and
cancer were not independent predictors of hospitaliza-
tion in the multivariate analysis. This finding is either in
line with or in contrast to previous studies [6,21]. The
differing results might be explained by the heterogen-
eity of the data collected regarding comorbidity cate-
gories and COVID-19 severity in most studies. For
instance, most studies did not pay attention to can-
cer [20].

The prediction model had a relatively large
explained variance (R> = 0.504 (Cox-Snell) and R* =
0.680 (Nagelkerke) and an AUC-ROC of 0.931, indicating
that it was well calibrated. Using the predictive
Equation (1), we achieved an AUC of 0.863 for the val-
idation dataset. In both cases, the AUCs were higher
than those obtained by Jehi et al. [13] who also
employed age, gender, symptoms, and comorbidities
to predict hospitalization in patients with COVID-19.
Additionally, despite difference in the nature of the

outcome, as Ryan et al. [3] also assessed patients who
were admitted and then discharged as non-severe out-
come, both studies found that clinical symptoms and
comorbidities together with age and gender are
important to adequately triage patients when they first
arrive at the hospital.

The sensitivity analysis showed that the model had
predictive power in all stages of the first wave of the
pandemic. This finding is important in terms of model
validation because it was supposed that there was
greater demand for bed-capacity during the lockdown
period when the infection curve was progressively
reaching the peak. The addition of diarrhoea slightly
altered the model, with renal failure becoming less sig-
nificant. He et al. [22] found that both diarrhoea and
chronic kidney disease were significant predictors of
severe outcomes of hospitalized patients with COVID-
19. Therefore, the role of diarrhoea should not be
neglected. Using the model with diarrhoea to predict
the level of care in the wave 2 dataset, we obtained
3.4% fewer correctly classified cases and a slightly
lower AUC-ROC. Thus, from a practical point of view
and, taking into account the criterion of parsimony, the
model presented in Equation (1) was more competitive,
and, hence, is recommended as the final predict-
ive model.

Implications

The predictive model presented in the present study
might help resolve uncertainties in decisions about
hospitalization of patients with confirmed COVID-19.
The model might aid in early identification of patients
whose life is threatened and should be hospitalized.
It might, additionally, facilitate hospital bed manage-
ment. Specific attention should be paid to older and
male patients with dyspnoea, dry cough, wet cough,
hypertension, and renal failure. Furthermore, the pre-
dictive model and alternatively the risk score model
might be used in patient screening by general practi-
tioners and could potentially reduce nosocomial
transmission while ensuring an adequate level of
care [3].

Limitations

Since the study was conducted at a single institution
and used retrospective data, the findings should be
interpreted with caution regarding their generalizability.
It is acknowledged that the decision regarding



hospitalization might depend on the availability of hos-
pital beds. Therefore, when applying the model in
another study, this concern should be taken into
account. The small sample size with low prevalence of
some comorbidities may have some consequence in the
prediction model. Further research with larger sample
sizes will provide more evidence to evaluate the predict-
ive power. A multi-centre study collecting consistent
data on socio-demographics, clinical symptoms, and
comorbidities would contribute to a refined prognostic
tool for the level of care in COVID-19 patients. Since
patients under 16years old were directed to a special-
ized ward, they were not included in the current study.
However, so far, studies have shown that patients in this
age group are less severely affected by COVID-19. Thus,
the exclusion probably had a minimal impact on
the model.

Conclusion

Employing age, gender, dyspnoea, rhinorrhoea, dry
and wet cough, headache, and two comorbidities,
namely hypertension and renal failure, we developed
a model which might be used to triage patients to
either ambulatory care or hospitalization. With a high
AUC-ROC value in both the building and validation of
the model and the risk score model, we are confident
that this model can be useful in clinical decision-mak-
ing not only in the Emergency Department but also in
general practice. Problems with unnecessary crowding
in hospitals might be mitigated, hence reducing the
risk of the viral transmission and ensuring
patient safety.
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Appendix

Table A1. Multivariate analysis for the outcome hospitaliza-
tion vs. ambulance care (excluding age and gender) (Model 2).

OR
Variables B SE p Value (95% Cl)
Dyspnoea 1.71 0.23 .000 5.54 (3.51-8.75)
Rhinorrhea -1.09 0.26 .000 0.34 (0.2-0.56)
Dry_cough 0.76 0.27 .004 2.15 (1.28-3.61)
Wet_cough 1.16 037 .001 3.2 (1.56-6.57)
Headache —-1.18 0.29 .000 0.31 (0.18-0.54)
Myalgia —0.62 0.28 .025 0.54 (0.31-0.93)
Hypertension 1.53 0.29 .000 4,61 (2.64-8.06)
Cardiac_disease 1.02 033 .002 2.78 (1.45-5.34)
Renal_failure 1.58 0.78 .044 4.86 (1.05-22.61)
Constant —0.46 0.25 .069

Referenced category = No; R?> = 0.394 (Cox-Snell), 0.532 (Nagelkerke).
Model %*(8) = 285.92, p < .001.

Table A2. Multivariate logistic regression analysis for the level of
care among COVID-19 confirmed patients using wave 1 dataset,
including diarrhoea.

Variables B SE p Value OR (95% Cl)

Socio-demographics
Age 0.08 0.01 <.001 1.08 (1.06, 1.10)
Gender — Male 1.64 0.29 <.001 5.14 (2.94, 8.98)

Clinical signs and comorbidities®
Dyspnoea 1.83 0.28 <.001 6.26 (3.61, 10.85)
Rhinorrhea —1.02 0.32 .001 0.36 (0.19, 0.67)
Dry_cough 1.02 033 .002 2.77 (1.46, 5.23)
Wet_cough 1.51 0.45 .001 4.55 (1.87, 11.04)
Diarrhoea 1.26 0.34 <.001 3.52 (1.80, 6.88)
Headache —1.25 0.31 .001 0.29 (0.16, 0.53)
Hypertension 0.81 0.33 .014 2.24 (1.18, 4.25)
Renal_failure 1.67 0.88 .058 5.30 (0.95, 29.61)
Constant —6.02 0.70

Referenced category = No; R* = 0.517 (Cox-Snell), 0.697 (Nagelkerke). Model
%*(10) = 415.249, p < .001.
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