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Background:Most of the reported risk scoremodels for coronavirus disease 2019 (COVID-19)mortality are based
on the levels of inflammatory markers, comorbidities or various treatment modalities, and there is a paucity of
risk score models based on clinical symptoms and comorbidities.

Methods: To address this need, age, clinical symptoms and comorbidities were used to develop a COVID-19
scoring system (CSS) for early prediction of mortality in severe COVID-19 patients. The CSS was developed with
scores ranging from 0 to 9. A higher score indicates higher risk with good discrimination quality presented by
Mann Whitney U test and area under receiver operating characteristic curve (AUROC).

Results: Patient age of ≥60 y, cough, breathlessness, diabetes and any other comorbidity (with or without dia-
betes) are significant and independent risk factors for non-survival among COVID-19 patients. The CSS showed
good sensitivity and specificity (i.e. 74.1% and 78.5% at CSS≥5, respectively), with an overall diagnostic accuracy
of 82.8%, which was close to the diagnostic accuracy detected in the validation cohort (81.9%). In the validation
cohort, high (8–9), medium (5–7) and low (0–4) CSS groups had 54.80%, 28.60% and 6.5% observed mortality,
respectively, which was very close to the predictedmortality (62.40%, 27.60% and 5.2%, respectively, by scoring
cohort).

Conclusions: The CSS shows a positive relationship between a higher score and proportion of mortality and, as
its validation showed, it is useful for the prediction of risk of mortality in COVID-19 patients at an early stage, so
that referral for triage and admission can be predetermined even before admission to hospital.

Keywords: clinical symptoms, co-morbidities, COVID-19 scoring system, early prediction of mortality, risk factors, Scoring and valida-
tion cohort

Introduction
The first human case of coronavirus disease 2019 (COVID-19),
subsequently named severe acute respiratory syndrome coron-
avirus 2 (SARS-CoV-2), was reported by officials in Wuhan City,
China, in December 2019. The COVID-19 virus has varied mani-
festation within the human population.1 Infected people develop
a wide spectrum of disease ranging from asymptomatic, mild to
moderate and sometimes severe illness. However, over a period
of time, the case fatality rate has reduced, but it remains high in
older age groups, especially in patients with associated comor-
bidities.2 Various studies have reported the common symptoms
of this disease as fever, dry cough and tiredness, whereas less
common symptoms are body aches, sore throat, diarrhoea, con-

junctivitis, headache, loss of taste or smell, a rash on the skin
or discolouration of fingers or toes, whereas more serious symp-
toms often include difficulty breathing or shortness of breath.3
There was no proven effective therapy or vaccine available for
COVID-19 patients up to the end of 2020. Similarly, in 2021, up to
15 May, various treatments and vaccines have been introduced
and administered to patients, but their long-term acceptance
and side effects are still unclear.4,5 It has been reported that
death is mainly observed in severely symptomatic patients, while
many infected patients who presented with mild to moderate
symptoms quickly recovered.6 However, as per the literature, as
of now there are significant differences in clinical symptoms and
comorbidities between survivors (Ss) and non-survivors (NSs).7
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Comorbid conditions have been associated with the adverse out-
comes of COVID-19 infections.8
To date, most of the reported risk score models for COVID-

19 mortality are based on the levels of inflammatory markers,
comorbidities or various treatment modalities, and there is a
paucity of risk score models based on clinical symptoms and
comorbidities.9–15 A robust risk score based on clinical symptoms
and comorbidities will not only help to categorise patients at an
early stage, but will also give guidance regarding an appropriate
level of care and treatment.
In this study, we aim to identify the clinical symptoms and risk

factors leading to mortality in COVID-19 patients and establish a
scoring system (risk score) model to predict the mortality associ-
ated with this novel disease.

Materials and Methods
This is a hospital-based, analytical, retrospective observational
study performed in a dedicated Level III COVID-19 care facil-
ity in a leading tertiary care hospital of North India. For the
development of a COVID-19 scoring system (CSS), all consecu-
tive COVID-19 patients (n=1349) confirmed by RT-PCR and dis-
charged after treatment (either outcome) at this facility from 21
March to 15 October 2020 were enrolled for the study (study
cohort or scoring cohort). To validate the result of the CSS, another
703 prospective consecutive COVID-19 patients confirmed by RT-
PCR and discharged after treatment (either outcome) at this
facility from 16 October to 14 December 2020 were enrolled
for validation (validation cohort). The primary clinical outcome
was defined as clinical recovery or death at the time of hospital
discharge.
All the patients’ data (retrospective data) were extracted from

the discharge summaries of NSs and Ss available in the hospital
information system, which is an electronic database of patients
available via the institute’s network. The extracted data were
entered and reviewed by a team of clinicians and biostatisticians.
In case the same patient was admittedmore than once, only the
latest admissionwas considered for the study. Demographic data
of the patients, including age (y) upon admission, gender and
clinical symptoms—fever, dry cough, sore throat, breathlessness
or shortness of breath—were recorded for the study. Similarly, all
associated comorbidities, such as diabetes, hypertension, renal,
cardiac, lung, liver, malignancy and any other significant comor-
bidities, were also recorded.
The criteria for discharge were at least two RT-PCR negative

test results and, in case of divergent test results, a third RT-PCR
negative result was relied upon to discharge patients.

Clinical symptoms and comorbidity
Each patient’s detailed history, including clinical symptoms and
comorbidities, were recorded at the time of hospital admission
through their available records and clinical observations. Symp-
toms were recorded as per Centers for Disease Control and Pre-
vention (CDC) definitions.16 Fever was defined as a temperature
of ≥100.4°F. A cough was defined as a forceful expulsion of

air from the lungs that helps to clear secretions, foreign bod-
ies and irritants from the airways and is productive (with spu-
tum/mucus expectoration) or dry. Breathlessness was defined as
an intense tightening in the chest, air hunger, difficulty breath-
ing, breathlessness or a feeling of suffocation. A sore throat
was defined as consisting of pain, scratchiness or irritation of
the throat that often worsens when you swallow. Diabetes was
defined as a diagnosed case of diabetes mellitus or being on
treatment with antidiabetic drugs. Diagnosed hypertension was
defined as an individual undergoing treatment with antihyper-
tensive medicines. A diagnosed case of chronic renal disease or
end stage renal disease was defined as requiring renal replace-
ment therapy. Defined heart disease was diagnosed as struc-
tural heart disease or a history of treatment for cardiac disease.
Lung disease was defined as a diagnosed case of chronic lung
disease with treatment for those conditions. Cancer was defined
as a diagnosed case of malignancy confirmed by tissue diagnosis
performed prior to admission.

Statistical analysis
Normality of continuous variables was assessed, and a vari-
able was considered normally distributed when skewness was
within ±2. The Mann–Whitney U test was used to compare
the distribution of age between NSs and Ss, whereas a χ2 test
was used to test the association between a patient’s outcomes
and demographic and clinical variables. Univariate analysis
was used to identify the variables associated with mortality.
From the significant factors in univariate analysis, diabetes was
taken separately, whereas from the other comorbidities, one
new variable, namely, ‘any other co-morbidity (with or without
diabetes)’, was created. Furthermore, the significant variables
were included in multivariate analysis (stepwise) to identify the
independent risk factors for mortality. The regression coefficients
(β)—validated by its 95% CI using bias-corrected and acceler-
ated (BCa) in bootstrapping methods—and adjusted ORs were
calculated for the independent risk factors evaluated through
multivariate analyses. The calculated regression coefficients
were multiplied by 2 (for increasing the size of the score) and the
nearest integers (<0.5 was considered to be 0 whereas≥0.5 was
considered to be 1) were taken for the scoring system. The CSS
was significantly higher in NSs compared with Ss, as evidenced
from the Mann–Whitney U test, and the discrimination capability
of the risk score between NSs and Ss and its appropriate cut-off
value was assessed through the receiver operating character-
istic (ROC) curve with corresponding sensitivity and specificity.
Hierarchical cluster analysis was used to divide the risk score
among three clusters in terms of their severity of risk score. The
Hosmer–Lemeshow test was used to assess the goodness of
fit between observed and predicted deaths. A nomogram chart
was used to present the scoring model with predicted probability
of mortality. p<0.05 was considered as statistically significant.
Statistical package for social sciences, version 23 (SPSS-23, IBM,
Chicago, USA), R Software version 3.3.0 (R Foundation for Statisti-
cal Computing, Vienna, Austria) and MedCalc Statistical Software
version 20 (MedCalc Software Ltd, Ostend, Belgium) were used
for data analysis.
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Table 1. Distribution of demographic and clinical variables between survivors and non-survivors in COVID-19 patients (n=1349)

Variable Total (n=1349) Survivors (n=1156, 85.7%) Non-survivors (n=193, 14.3%) p

Age (y) (median, IQR)# 51 (36–61) 49 (35–59) 61 (52–68) <0.001
Age (≥60 y) 383 (28.4%) 276 (23.9%) 107 (55.4%) <0.001
Gender (female) 968 (71.8%) 820 (70.9%) 148 (76.7%) 0.100
Fever 819 (60.7%) 667 (57.7%) 152 (78.8%) <0.001
Breathlessness 412 (30.5%) 275 (23.8%) 137 (71%) <0.001
Cough 508 (37.7%) 377 (32.6%) 131 (67.9%) <0.001
Sore throat 180 (13.3%) 157 (13.6%) 23 (11.9%) 0.529
Diabetes 428 (31.7%) 322 (27.9%) 106 (54.9%) <0.001
Hypertension 440 (32.6%) 340 (29.4%) 100 (51.8%) <0.001
Renal disease 194 (14.4%) 138 (11.9%) 56 (29%) <0.001
Heart disease 109 (8.1%) 71 (6.1%) 38 (19.7%) <0.001
Lung disease 101 (7.5%) 68 (5.9%) 33 (17.1%) <0.001
Cancer 30 (2.2%) 29 (2.5%) 1 (0.5%) 0.083
Any other comorbidities 165 (12.2%) 149 (12.9%) 16 (8.3%) <0.001
Any other comorbidity (with or without diabetes) 717 (53.2%) 568 (49.1%) 149 (77.2%) <0.001

# Median (Q1, Q3) compared by Mann–Whitney U test.
Frequency (%) compared by χ2 test.
p<0.05 significant values in bold.

Results
From 21 March to 15 October 2020, a total of 1349 patients
with COVID-19 were discharged from hospital. Of these, 1156
(85.7%) survived and 193 (14.3%) died. Mean and median age
(y) of the patients were 48.24 and 51 y (IQR: 36–61 y, range
of 3 mo to 92 y). Of these, 25.1% (n=338) were in the age
group of ≥60 y. Most of the study patients (n=968, 71.8%)
were male. The demographic and clinical characteristics of the
study patients are given in Table 1. The median age (61 vs
49 y, p<0.001) and age of>60 y (55.4% vs 23.9%, p<0.001) were
statistically significant whereas male gender (76.7% vs 70.9%,
p = 0.100) was insignificant when comparing NSs with Ss. Sim-
ilarly, the proportions of patients presenting with fever (78.8%
vs 57.7%, p<0.001), breathlessness (71% vs 23.8%, p<0.001),
cough (67.9% vs 32.6%, p<0.001) or any other symptoms (8.8%
vs 3.7%, p=0.002) were significantly higher, whereas sore throat
(11.9% vs 13.5%, p=0.340) was insignificantly lower in NSs com-
pared with Ss. The proportions of diabetes (54.9% vs 27.9%,
p<0.001), hypertension (51.8% vs 29.4%, p<0.001), renal dis-
ease (29% vs 11.9%, p<0.001), heart disease (19.7% vs 6.1%,
p<0.001) and lung disease (17.1% vs 5.9%, p<0.001) were sig-
nificantly higher in NSs compared with Ss. An interesting result
was observed for cancer and other comorbidities, where the pres-
ence of cancer (0.5% vs 2.5%, p=0.083)was insignificant and any
other comorbidities (8.3% vs 12.9%, p<0.001) were significantly
lower in NSs compared with Ss (Table 1).

Risk factors and the prediction model for death in
COVID-19 patients
In total, 13 variables were analysed by univariate binary logis-
tic regression and, of those, all except gender (p=0.110), sore

throat (p=0.529) and cancer (p=0.083) were significantly asso-
ciated with mortality. From these 10 variables, fever was sig-
nificantly associated with cough (p<0.001). Similarly, hyperten-
sion and diabetes (p<0.001) were highly associated with each
other, and hypertension was also significantly associated with
other comorbidities (each p<0.05). To overcome these collinear-
ities and with the objective of developing a community friendly
scoring system that could easily be calculated without any com-
plexity by healthcare providers, six variables (hypertension, renal
disease, heart disease, lung disease, cancer and any other comor-
bidities) were replaced by a newly created variable. This vari-
able, ‘any other comorbidity (with or without diabetes)’, was also
significant in the univariate analysis. In the multivariate analy-
sis, all the significant variables—age of >60 y, diabetes, at least
one comorbidity with or without diabetes, fever, breathlessness
and cough—were included. By using lasso binary logistic regres-
sion, in the first step, fever was excluded from the model (highly
associated with cough, p<0.001), while the remaining five vari-
ables were statistically significant (each p<0.05) and considered
as independent predictors of the mortality and were included in
the final CSS. Theweight for each factor associatedwithmortality
was obtained by regression coefficients observed in amultivariate
binary logistic regressionmodel. The coefficients for each variable
and results of the multivariate analysis are given in Table 2.
All the regression coefficients were further validated by boot-

strapping 95% CIs. All the CIs (lower and upper limit) were >0,
indicating a significant value of the regression coefficient (Fig-
ure 1). The CSS was generated as shown in Table 3. The score
distributions were as follows: age of ≥60 y, 2 points; presenting
with cough, 2 points; having breathlessness, 3 points; presence
of diabetes, 1 point; and any other comorbidity with or without
diabetes, 1 point (Table 3). Predicted score for the risk of mortal-
ity of COVID-19 patients ranged from 0 to 9; 20% of patients had
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Table 2. Independent predictors of mortality in COVID-19 patients (n=1349)

Adjusted OR

95% CI

Variable Regression coefficient (β) Value Lower Upper p

Age (≥60 y) 0.898 2.46 1.72 3.51 <0.001
Cough 0.862 2.37 1.65 3.41 <0.001
Breathlessness 1.62 5.06 3.51 7.29 <0.001
Diabetes 0.537 1.71 1.20 2.45 0.003
Any other comorbidity (with or without diabetes) 0.724 2.06 1.38 3.08 <0.001

Multivariate binary logistic regression analysis was used.
p<0.05 significant values in bold.

0.0 0.5 1.0 1.5 2.0 2.5
Regression Coefficient Beta (BCa 95% CI)

Age (≥60 years)

Cough

Breathlessness

Diabetes

Any Other Comorbidity

Figure 1. Forest plot showing the regression coefficient and its 95%
Confidence Interval computed through bootstrapping 1000 samples.
(n=1349).

a score of 0 whereas 4.1% had a score of 9. Contributions of the
individual risk factors in the CSS and the corresponding predicted
probability are presented in the nomogram (Figure 2).

Accuracy of the CSS
The area under the ROC (AUROC) curve indicates that the accu-
racy of the scoring system (from the scoring cohort, n=1349)
was 82.8% (95% CI 79.6 to 85.9%; p<0.001) (Figure 3). The ROC
curve revealed that for an at-risk score of ≥3, sensitivity and
specificity were 88.1% and 55.1%, respectively. Similarly, sensi-
tivity and specificity were observed as 74.1% and 78.5% (at ≥5)
and 58.5% and 86.9% (at ≥6), respectively (Table 4). The scores
were divided into three groups using hierarchical cluster analysis
and indicated that score group 1 (0 to 4, n=958/1349, 71.01%),
score group 2(5 to 7, n=290/1349, 21.5%) and score group 3(8 to
9, n=101/1349, 7.5%) had amortality of 5.2%, 27.6%and 62.4%,
respectively, demonstrating significant associations between the
score groups (clusters) and patients’ mortality (p<0.001).
The CSS developed from the study cohort (n=1349) showed

great prognostic accuracy, as evidenced by the ROC analysis.
The performance of this model was validated by the Hosmer–
Lemeshow goodness of fit test, which demonstrated good agree-
ment (87.3%) between predicted and observed mortality with
non-significant difference (p<i=0>0.398) in the study cohort,
indicating that there was no departure from perfect fit. For
depiction, the corelation coefficient between the probability of
observed deaths and probability of predicted deaths was calcu-
lated, which indicated a very strong correlation in the scoring
cohort (ρ=0.989, p<0.001) (Figure 4).

Table 3. Final COVID-19 risk score (n=1349)

Regression coefficient (β)

Variable Value BCa 95% CI β*2 Final score

Age (≥60 y) 0.898 0.498 to 1.290 1.796 2
Cough 0.862 0.503 to 1.125 1.724 2
Breathlessness 1.62 1.269 to 2.005 3.24 3
Diabetes 0.537 0.185 to 0.867 1.074 1
Any other comorbidities with or without diabetes 0.724 0.323 to 1.204 1.448 1

BCa 95% CI=bias-corrected and accelerated (BCa) 95% CI.
Bootstrap results are based on 1000 bootstrap samples.
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Figure 2. A nomogram describing the relationship between the calculated score and the probability of COVID-19 death. (n=1349).

Figure 3. Area under the ROC curve showing the diagnostic accuracy of
the COVID-19 risk score model (n=1349).

Performance of the prediction model through
independent validation
The CSS, which was calculated using a cohort of 1349 COVID-
19 patients, was validated through an independent prospec-
tive cohort (n=703) of COVID-19 patients admitted to the same
hospital and receiving the same treatment protocol. The AUROC
curve of the independent validation cohort of 703 COVID-19
patients was 81.9% (95% CI 78.2 to 85.6%; p<0.001) (Fig-
ure 5), which was slightly less than the risk-scoring cohort of
1349 patients (AUROC: 82.8%; p<0.001). In the validation cohort
(n=703), score group 1 (0 to 4, n=449/703, 63.9%), score group 2
(5 to 7, n=192/703, 27.3%) and score group 3 (8 to 9, n=62/703,

Table 4. Diagnostic accuracy of observed COVID-19 risk scores in
the study cohort (n=1349)

No. of patients Risk sccore Sensitivity Specificity

269 0 100 0
213 1 97.9 22.9
178 2 93.8 40.7
142 3 88.1 55.1
156 4 83.4 66.6
127 5 74.1 78.5
95 6 58.5 86.9
68 7 44 92.7
46 8 32.6 96.7
55 9 19.2 98.4

A larger risk score indicates an increased risk of mortality.
AUROC curve: 82.8% (95% CI 79.6 to 85.9%; p<0.001).

8.8%) had amortality of 6.5%, 28.60% and 54.80%, respectively,
which were almost the same as the scoring cohort (5.2%, 27.6%
and 62.4%, respectively), indicating the usefulness of the CSS in
predicting the mortality of COVID-19 patients (Figure 6).

Discussion
In this study, a total of 1349 COVID-19 patients (study or scoring
cohort) were analysed for development of the CSS and another
703 prospective and consecutive COVID-19 patients (validation
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Figure 4. Calibration curve showing the agreement in the observed and
predicted probability of death for individual COVID-19 risk scores in the
scoring cohort (n=1349).

cohort), whose data were retrospectively collected from the dis-
charged summary, were used for validation of the CSS model.
In the scoring cohort (n=1349), the proportions of NSs and Ss
were 14.3% (n=193) and 85.7% (n=1156), respectively. Age
of ≥60 y, cough, breathlessness, diabetes and any other comor-
bidity (with or without diabetes) were significant and indepen-
dent risk factors in NSs and were included in the CSS model. In
the CSS model, the score ranged from 0 to 9 and, out of the vari-
ables, breathlessness (score 3) contributed themost, followed by
age of ≥60 y (score 2) and cough (score 2), whereas diabetes
(score 1) and any other comorbidity with or without diabetes
(score 1) contributed the least to the scoring system. Diagnos-
tic accuracy in terms of the AUROC curve of the model was
82.8% (95% CI 79.6 to 85.9%; p<0.001) and no significant differ-
ence was observed between observed and predicted mortality in
the scoring cohort revealed by the Hosmer–Lemeshow goodness
of fit test (p<>0.05i>). Similarly, the AUROC curve of the inde-
pendent validation cohort of 703 COVID-19 patients was 81.9%
(95% CI 78.2 to 85.6%; p<0.001), which was close to the scoring
cohort. Proportions of predicted NSs (probability of NSs) from the
scoring cohort and observed NSs in the validation cohort were
similar in each of the three scoring groups, indicating the use-
fulness of the CSS for the prediction of mortality in COVID-19
patients.
The identified risk factors for mortality in COVID-19 patients

in the current study were almost similar to those presented in
other available studies.9–15 To date, only a few studies have been
conducted to develop a COVID-19 risk-scoring model and all of
them have been based on demographics, inflammatory mark-
ers, treatment and investigations as variables.9–15 The CSS devel-
oped in our study is different to that reported in other studies con-
ducted to calculate COVID-19 risk scores (i.e. scoring system), as
it is based on clinical symptoms along with demographic mea-
surements and comorbidities, which makes it easier and faster
to calculate.
Zhao et al. developed a scoring model to predict mortality

in severe COVID-19 patients. They found that the presence of
heart disease, chronic obstructive pulmonary disease, elevated
procalcitonin and LDH levels, elevated heart rate, lower periph-
eral oxygen saturation and increasing age were independent risk

factors. The risk score for predicting mortality ranged from 0 to
7. The risk score model yielded good accuracy with an AUROC
curve of 83% (95% CI 73 to 92%).9 Altschul et al.’s model for a
risk score to predict mortality in COVID-19 patients ranged from
0 to 10. The variables identified as independent predictors of
mortality comprised a patient’s age, oxygen saturation, mean
arterial pressure, blood urea nitrogen, C-reactive protein and the
international normalised ratio. An ROC curve analysis performed
in the derivation cohort achieved an AUROC curve of 82.4% (95%
CI 81.4 to 85.1%) and an AUROC curve of 79.8% (95% CI 78.9 to
81.8%) in the validation cohort.10 A study conducted by Shang
et al. developed a scoring model to predict mortality in severe
COVID-19 patients. This study concluded that old age, coronary
heart disease, lymphocyte percentage, elevated procalcitonin
and D-dimer were independently related to mortality. Based on
regression coefficients, a risk score was developed that showed
the usefulness of themodel in predictingmortality and complica-
tions in independent validation data.11 Fumagalli et al. conducted
a study to develop a risk score to predict in-hospital mortality in
COVID-19 patients using a retrospective cohort of patients after
considering hospital stay days. Cox regression analysis showed
that increasing age (≥75 y), number of chronic diseases (≥4),
respiratory rate, PaO2/FiO2 ratio, serum creatinine and platelet
count were independent predictors of mortality and were used
to build the COVID-19 risk score, which proved to be highly
accurate in stratifying patients to a low, intermediate or high risk
of in-hospital death (p<0.001).12 Gue et al. conducted a study
to develop a risk score for prediction of 30-d hospital mortality.
The independent predictors were age, gender, platelet count,
international normalised ratio, quick sequential organ failure and
assessment score. The predictive risk score ranged from 0 to 10
with an AUROC curve of 79% (95% CI 75 to 84%).13 Wynants
et al. performed a systemic review of all the available models
for diagnosis and prognosis in COVID-19-infected patients. They
identified 50 models for COVID-19 prognosis. Of these, 22 mod-
els predicted mortality, while others used different endpoints of
prognosis. The most common factors were age, comorbidities,
gender, lymphocyte counts, C-reactive protein and imaging fea-
tures along with other clinical variables. Moreover, these studies
do not reveal the clear intent of using these models.14 Barda
et al. reported their clinicalmodel for prediction ofmortality using
baseline respiratory infections as variables, with an AUROC curve
of 82%.15
Besides mortality risk score models, there are other studies

available that developed a risk score model for severity of COVID-
19 disease,17,18 while other studies have identified the risk factors
for severity of COVID-19 disease, but did not develop a risk score
model.19–21
CDC has provided guidelines for the population at risk.22 These

guidelines define those patientswho can contract infection easily
and are at risk of the disease. However, they do not comment on
the course of disease with these factors.
In the available risk-scoring models, a patient requires to be

admitted to hospital and investigated before a score can be cal-
culated.9–15 However, in our scoring system, we can assess the
possible mortality risk even before patients are admitted to hos-
pital. Hence, this score is proposed for determining an appropri-
ate level of care upon a patient’s admission, as a higher score
indicates a requirement for more intense and specialised care,
thus prompting allocation to an appropriate hospital. However,
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Figure 5. Area under the ROC curve showing the diagnostic accuracy of the COVID-19 risk score model in the validation cohort (n=703).

Figure 6. Comparison of the deaths between the scoring (n=1349) and
validation (n=703) cohorts for three COVID-19 scoring system (CSS)
groups.

it is clear that the final outcome for a patient depends on pro-
gression of the disease and its response to treatment modalities
that are still changing as more evidence is rolled out.
Although the model developed in our study is robust and can

be used even at the primary level by a basic healthcare worker
as an important tool for triage, there remain a few limitations.
Our study was conducted in a cohort of referred patients already

admitted to a speciality hospital for treatment and this a major
limitation of our study. We recommend that our unique model
should be tested in the general population with people who are
diagnosed with COVID-19, for optimal testing of the strength of
our scoringmodel in future studies. This would achieve an impor-
tant goal of early care-based prediction in COVID-19 patients,
which is desirable as there are substantial yet variable mortality
rates in a subpopulation of these patients.

Conclusions
Patient age of ≥60 y, cough, breathlessness, diabetes and any
other comorbidity (with or without diabetes) are significant
and independent risk factors for non-survival among COVID-19
patients. The CSS, ranging from 0 to 9 and designed for early pre-
diction of mortality in severe COVID-19 patients, showed good
sensitivity and specificity (i.e. 74.1% and 78.5% at CSS≥5, respec-
tively), with an overall diagnostic accuracy of 82.8%, which was
close to the diagnostic accuracy detected in the validation cohort
(81.9%). In the validation cohort, high (8–9), medium (5–7) and
low (0–4) CSS groups had 54.80%, 28.60% and 6.5% observed
mortality, respectively, which was very close to predictedmortal-
ity (62.40%, 27.60% and 5.2%, respectively, by scoring cohort).
The CSS shows a positive relationship between a higher score and
proportion of mortality and, as its validation showed, it is use-
ful for the prediction of risk of mortality in COVID-19 patients at
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an early stage, so that referral for triage and admission can be
predetermined even before admission to hospital.
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