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Ab s t r ac t 
Background: The study aimed to compare the prognostic accuracy of six different severity-of-illness scoring systems for predicting in-hospital 
mortality among patients with confirmed SARS-COV2 who presented to the emergency department (ED). The scoring systems assessed were 
worthing physiological score (WPS), early warning score (EWS), rapid acute physiology score (RAPS), rapid emergency medicine score (REMS), 
national early warning score (NEWS), and quick sequential organ failure assessment (qSOFA).
Materials and methods: A cohort study was conducted using data obtained from electronic medical records of 6,429 confirmed SARS-COV2 
patients presenting to the ED. Logistic regression models were fitted on the original severity-of-illness scores to assess the models’ performance 
using the Area Under the Curve for ROC (AUC-ROC) and Precision-Recall curves (AUC-PR), Brier Score (BS), and calibration plots were used to 
assess the models’ performance. Bootstrap samples with multiple imputations were used for internal validation.
Results: The mean age of the patients was 64 years (IQR:50–76) and 57.5% were male. The WPS, REMS, and NEWS models had AUROC of 0.714, 
0.705, and 0.701, respectively. The poorest performance was observed in the RAPS model, with an AUROC of 0.601. The BS for the NEWS, qSOFA, 
EWS, WPS, RAPS, and REMS was 0.18, 0.09, 0.03, 0.14, 0.15, and 0.11 respectively. Excellent calibration was obtained for the NEWS, while the 
other models had proper calibration. 
Conclusion: The WPS, REMS, and NEWS have a fair discriminatory performance and may assist in risk stratification for SARS-COV2 patients 
presenting to the ED. Generally, underlying diseases and most vital signs are positively associated with mortality and were different between 
the survivors and non-survivors.
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Hi g h l i g h ts 
•	 Study compared six different severity-of-illness scores for 

predicting in-hospital mortality among confirmed COVID-19 
patients presenting to the emergency department.

•	 The WPS, REMS, and NEWS models had fair discriminatory 
performance, with AUROC values ranging from 0.701 to 0.714.

•	 The NEWS model had excellent calibration, while the other 
models had proper calibration, indicating that these scores may 
support risk stratification for COVID-19 patients presenting to 
the emergency department.

In t r o d u c t i o n
Since March 11, 2020, the coronavirus disease 2019 (COVID-19) 
outbreak has been declared a global pandemic by the World 
Health Organization (WHO) due to its rapid spread across the 
globe.1–3 This pandemic is caused by a novel virus, SARS-CoV-2, 
which shares similarities with the virus responsible for the severe 
acute respiratory syndrome (SARS) outbreak in 2003.1 SARS-CoV-2 
belongs to the Coronaviridae family and possesses a single-
stranded positive-sense RNA genome.1,2 The general symptoms of 
COVID-19 infection include fever, cough, and fatigue.3–6 However, 
patients can develop anorexia and/or diarrhea,3,6–8 dyspnea, chest 
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pain, and cardiovascular involvement such as acute dysfunction of 
the left ventricle of the heart, arrhythmia, myocardial inflammation, 
microvascular injury, and thrombosis.9 

The COVID-19 pandemic has led to an unprecedented volume 
of hospital visits and admissions, including those with suspected 
COVID-19, resulting in elevated levels of overcrowding in hospitals 
and healthcare centers.1,10,11 This circumstance has contributed to 
a delay in care and poorer outcomes, such as increased morbidity 
and mortality, especially in emergency departments (EDs) where 
resources are limited.3,12,13 Critically ill patients are particularly 
vulnerable to encountering these adverse events.14–16 Given the 
susceptibility of critically ill patients to experiencing adverse events 
in hospitals and healthcare centers, it is crucial to implement an 
efficient triage system capable of identifying and prioritizing those 
at greater risk of adverse outcomes.14,15,17–19

Various scoring systems have been developed and implemented 
in the emergency department that can be useful for prioritizing 
critically ill patients and predicting mortality for triage.18–21 
These models primarily rely on patients’ vital signs and level of 
consciousness.21–23 The present study incorporates six such models: 
Study: National Early Warning Score (NEWS), quick Sequential Organ 
Failure Assessment (qSOFA), Early Warning Score (EWS), Worthing 
Physiological Score (WPS), Rapid Acute Physiology Score (RAPS), 
and Rapid Emergency Medicine Score (REMS).24–29

These models are characterized by their ability to rapidly 
identify critically ill patients in need of urgent intervention through 
the use of easily obtainable bedside parameters. However, their 
ability in predicting mortality for patients with COVID-19 in the 
ED setting remains unclear. Therefore, the primary objective of 
this study was to evaluate and compare the performance of six 
commonly used models, namely the NEWS, qSOFA, EWS, WPS, 
RAPS, and REMS in predicting mortality among patients with 
COVID-19. Additionally, the study aimed to investigate differences 
in demographic and clinical characteristics between survivors and 

non-survivors. We performed the study on a cohort of patients from 
Iran, a country with a high number of confirmed COVID-19 cases 
and related deaths.3,6,11,13,30 

Mat e r i a l s a n d Me t h o d s 
Study Design
This single-center, cohort study was conducted at Emam Reza 
Hospital, which is located in Mashhad, Northeast of Iran. This center 
is known as a referral university hospital and one of the main centers 
for SARS-COV2 patients. The annual volume of ED visits in this center 
is more than 200,000 visits. The study duration for this report was 
from 29 February to 30 July 2021. We obtained university ethics 
committee approval (Number: IR.MUMS.REC.1400.141).

Data Collection
The data of all confirmed SARS-COV2 patients who were admitted to 
ED, was extracted from the electronic medical records of a university 
hospital in Mashhad, Iran. The patients with respiratory symptoms 
underwent assessment by both RT-PCR tests using throat and nose 
swab specimens and lung imaging incredibly high-resolution 
Computed Tomography (CT) scans. A radiologist who was blind 
to clinical diagnosis, management, and outcome reported the 
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Flowchart 1: Flowchart of patient selection process and reasons for exclusion
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images. Then, the patients were confirmed to be COVID-19 infected 
based on positive real-time reverse transcription-polymerase chain 
(RT-PCR) testing and were included in the study. During the study 
period, 16,831 suspected SARS-COV2 patients were presented 
in this center (Flowchart 1). The database contains demographic 
and clinical data including age, gender, diagnosis, level of triage, 
vital signs (i.e., f9obody temperature, respiratory rate, systolic 
blood pressure, heart rate, and mental status, cyanosis, distress), 
comorbidities (i.e., diabetes, hypertension, cancer, coronary heart 
disease (CHD), asthma, cerebrovascular disease (CVD), chronic 
kidney disease (CKD), and living status (alive or deceased). The total 
scores of NEWS, qSOFA, EWS, WPS, RAPS, and REMS were calculated 
according to the variables included in each score (Table 1). 

Eligibility Criteria
All adult patients (≥18 years) with an emergency severity index (ESI) 
of 1, 2, and 3 (resuscitation, emergent, and urgent) were included. 

Statistical Analysis
When reporting descriptive statistics of the sample, the Kolmogorov-
Smirnov (KS) test was used to test the normality of continuous 
variables. Normally distributed variables are reported as means 
and standard deviations, and; non-normally distributed variables as 
median and interquartile ranges (IQRs). Categorical variables were 

presented as frequencies and percentages. We used non-parametric 
tests, as appropriate, to compare groups: The Mann-Whitney U-test, 
Fisher’s exact test, or the Chi-square test. p-values less than 0.05 
were considered to indicate statistical significance. 

We handled missing data by applying multiple imputations 
within bootstrap samples. Specifically, we used the boot MI method 
in which we applied 200 bootstrap samples that included the 
missing values and then generated three imputed datasets for each 
sample.31 We fitted a logistic regression model on each imputed 
dataset and calculated the average of the model’s coefficients 
of each of the three imputed datasets belonging to a bootstrap 
sample. These 200 (averaged) results were then used to calculate 
the means and confidence intervals of the results. The logistic 
regression model for each of the NEWS, EWS, REMS, WPS, RAPS, and 
qSOFA scores included the score as the independent variable and 
hospital mortality as the response. The probability of mortality is 
calculated by using the logit formula: where X is the score, and β0 
and β1 are the model’s coefficients.

We assessed the predictive performance of the models by the 
area under the receiver operating curve (AUC) for discrimination; 
the area under the precision-recall curve (AUPRC) for the balance 
between the positive predictive value and sensitivity; and the 
Brier score (BS) for the accuracy of probabilistic prediction. 
We  used calibration graphs to inspect the agreement between 

Table 1: The point assignment scheme of each scoring system

Model
(Min–Max)

Variables

Temperature
(°C)

SBP
(mm Hg)

MAP
(mm Hg)

RR
(breaths/min)

Pulse
(beats/min) GCS AVPU

O2 sat
(%)

O2 
therapy

Age
(year)

NEWS
(0–19)

       ≤35→3
35.1–36→1
36.1–38→0
38.1–39→1
    ≥39.1→2

        ≤90→3
  91–100→2
101–110→1
111–219→0
        ≥220→3

NA       ≤8→3
  9–11→1
12–20→0
21–24→2
    ≥25→3

        ≤40→3
    41–50→1
    51–90→0
  91–110→1
111–130→2
      ≥131→3

NA A→0
Other→3

    ≤91→3
92–93→2
94–95→1
    ≥96→0

Yes→2
 No→0

NA

qSOFA
(0–3)

NA       ≤100→1 NA     ≥22→1 NA     ≤14→1 NA NA NA NA

EWS 
(0–18)

       <35→2
35.1–38→0
38–39.5→2
    >39.5→3

    <80→3
  81–90→2
   91–100→1
101–199→0
    >200→2

NA       <8→3
  9–19→0
20–25→1
25–29→2
    >30→3

        <40→3
    41–50→2
  51–100→0
101–110→1
111–129→2
      >130→3

NA A→0
V→1
P→2
U→3

    <85→3
85–89→2
90–94→1
    >95→0

NA NA

WPS 
(0–14)

    ≥35.3→0
    <35.3→3

      ≥100→0
        ≤99→2

NA     ≤19→0
20–21→1
    ≥22→2

      ≤101→0
      ≥102→1

NA A→0
Other→3

96–100→0
94–95→1
92–93→2
    <92→3

NA

RAPS
(0–16)

NA NA   70–109→0
    50–69→2
110–129→2
130–159→3
        ≤49→4
      ≥160→4

12–24→0
10–11→1
25–34→1
    6–9→2
35–49→3
      ≥5→4
    ≤50→4

  70–109→0
    50–69→2
110–139→2
    40–54→3
140–179→3
        ≤39→4
      ≥180→4

    ≥14→0
11–13→1
  8–10→2
    5–7→3
      ≤4→4

NA NA NA NA

REMS
(0–26)

NA NA   70–109→0
    50–69→2
110–129→2
130–159→3
        ≤49→4
      ≥160→4

12–24→0
10–11→1
25–34→1
    6–9→2
35–49→3
      ≥5→4
    ≤50→4

  70–109→0
    50–69→2
110–139→2
    40–54→3
140–179→3
        ≤39→4
      ≥180→4

    ≥14→0
11–13→1
  8–10→2
    5–7→3
      ≤4→4

NA     >89→0
86–89→1
75–85→3
    <75→4

NA     <45→0
45–54→2
55–64→3
65–73→5
    ≥74→6
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the predictions and the true proportion of mortality (using 
one imputation of the original dataset with 1,000 bootstraps). 
The  De-long test was used for AUC pairwise comparison. The 
Youden Index was applied to find the best cutoff for the specificity, 
sensitivity, positive predictive value (PPV), negative predictive value 
(NPV), and classification accuracy. All analyses were performed in R 
using pROC, rms, PRROC, and the bootImpute packages. 

Re s u lts
Table 2 presents the baseline characteristics of the study cohort, 
highlighting the key finding that the hospital mortality rate was 
26.3 and 57.5% of participants were male.

The study found significant differences in age, gender Glasgow 
coma scale (GCS), systolic blood pressure (SBP), respiratory rate 
(RR), oxygen saturation (SpO2), mean arterial pressure (MAP), 
pulse, distress, cyanosis, pain, alert, verbal, pain, unresponsive 
(AVPU) score, and comorbidities such as diabetes, hypertension, 
cancer, coronary heart disease (CHD), and cardiovascular disease 
(CVD) between non-survivors and survivors. Triage level in the 
non-survivors was predominantly emergent (level 2) compared to 
survivors (74.9%). Approximately 44.3% of patients who died were 
transported by ambulance. The median age of non-survivors was 
higher (70, IQR: 60–80) than survivors (62, IQR: 47–74), and non-
survivors were predominantly elderly men with comorbidities, 
especially cancer and cardiovascular disease. The non-survivor 
group had slightly lower GCS. The median SpO2 of survivors was 
90 (85–93) compared with 85 (77–90) for non-survivors. At the 

presentation to ED, there was a large proportion of patients with 
lower MAP in non-survivors as compared to the group of survivors 
90 (79–100) vs 93 (83.3–100). 

Based on the AVPU scale, 6,151patients (96.3%) were graded as 
“alert”, 154 patients (2.4%) as “vocally responsive”, 68 patients (6.1%) 
as “painfully responsive”, and 56 patients as “unresponsive” (0.2%). 
All median scores were significantly lower in the non-survivors 
than the survivors. 

There were on average 28.5% missing values in the data. After 
applying multiple imputations within bootstrap samples, the 
estimates of the intercept and slope (and their 95% confidence 
intervals) in the linear predictors of the logistic regression models 
were:

•	 For NEWS: –2.65 (–2.73, –2.63) and 0.31 (0.30, 0.33)
•	 For qSOFA: –1.54 (–1.58, –1.5) and 0.97 (0.94, 1.04) 
•	 For EWS: –2.92 (–2.96, –2.7) and 0.28 (0.26, 0.31)
•	 For WPS: –2.86 (–2.99, –2.83) and 0.46 (0.45, 0.48)
•	 For RAPS: –1.67 (–1.7, –1.6) and 0.20 (0.19, 0.22)
•	 For REMS: –3.53 (–3.57, –3.5) and 0.22 (0.21, 0.24)

This means for example that the linear predictor of the NEWS model 
is –2.65 + 0.31 *NEWS and that the probability of mortality is 

The ROC and PR plots are shown in Figure 1. Table 3 displays 
the corresponding bootstrap-validated predictive performance 

Table 2: Baseline characteristics of the patients with SARS-COV2 

Characteristics Alive (N = 4,739) Dead (N = 1,690) Total (N = 6,429) p-value

Demographic 

Age (year)               62 (47–74)                 70 (60–80)  64 (50–76) <0.001a

Gender

Male          2,605 (55%)            1,090 (64.5%)              3,695 (57.5%) <0.001b

Female          2,134 (45%)               600 (35.5%)              2,734 (42.5%)

Clinical parameters 

GCS               15 (15–15)                 15 (14–15)   15 (15–15) <0.001a

SBP (mm Hg)             120 (110–140) 120 (108–140)       120 (110–140)    0.002a

TEMPR (°C)               37 (36.5–37) 37 (37–37.5)   37 (37–37)     0.1a

RR (breaths/min)               18 (17–20)                 19 (18–22)   18 (18–20) <0.001a

SpO2 (%)               90 (85–93)                 85 (77–90)   89 (84–92) <0.001a

MAP (mm Hg)                93 (83.3–100) 90 (79–100) 93.3 (83–100)    0.003a

Pulse (beats/min)               95 (85–108) 98 (87–111)     95 (86–110) <0.001a

Distress               52 (1.1%)                 71 (4.2%)                 123 (1.9%) <0.001b

Cyanoses                 6 (0.1%)                 14 (0.8%)                   20 (0.3%) <0.001b

Pain              214 (4.5%)               144 (8.5%)                 358 (5.6%) <0.001b

AVPU          4,596 (97%)            1,555 (93%)              6,151 (96.3%)      0.001c

Alert              104 (2.2%)                 50 (3%)                 154 (2.4%)

Voice               19 (0.4%)                 49 (3%)                   68 (1%)

Pain               20 (0.1%)                 36 (1%)                   56 (0.2%)

Unresponsive

Comorbidities

Diabetes              736 (15.5%)               325 (19.2%)              1,061 (16.5%)       0.001b

Hypertension              759 (16%)               352 (19.2%)              1,084 (16.9%)      0.001b

(Contd..)

( 2.65 0.31 NEWS)

1
1

P
e− − + ∗=

+
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Table 2: (Contd..) 
Characteristics Alive (N = 4,739) Dead (N = 1,690) Total (N = 6,429) p-value

Cancer               99 (2.1%)                 53 (3.1%)                 152 (2.4%)   0.015
CKD              199 (4.2%)                 99 (5.9%)                 298 (4.6%)      0.005b

CHD              399 (8.4%)               169 (10%)                 568 (8.8%)    0.049b

Asthma               122 (2.6%)                 41 (2.4%)                 163 (2.5%)     0.7b

CVD               73 (1.5%)                 51 (3%)                 124 (1.9%) <0.001b

ATM          1,481 (31.3%)               748 (44.3%)              2,229 (34.7) <0.001b

Triage level

Level 1: Resuscitation               63 (1.3%)                 91 (5.4%)                 154 (2.4%) <0.001c

Level 2: Emergent           2,509 (52.9%)            1,265 (74.9%)              3,774 (58.7%)

Level 3: Urgent          2,167 (45.7%)               334 (19.8%)              2,501 (38.9%)

Scoring systems
NEWS                 4 (3–6)                   6 (4–8)                     4 (3–6) <0.001a

qSOFA                 1 (0–1)                   1 (0–1)                     0 (0–1) <0.001a

EWS                 3 (1–4)                   4 (2–5)                     3 (2–4) <0.001a

WPS                 3 (3–4)                   4 (3–6)                     3 (3–5) <0.001a

RAPS                 0 (0–2)                   1 (0–3)                     0 (0–2) <0.001a

REMS                 6 (3–8)                   8 (6–10)                     6 (3–9) <0.001a

Values are presented as Median (IQR) or N (%). ATM, ambulance transferring mode; CHD, coronary heart disease; CKD, chronic kidney disease; CVD, 
cerebrovascular disease; ESI, emergency severity index; EWS, early warning score; GCS, Glasgow coma scale; MAP, mean arterial pressure; SPO2, peripheral 
capillary oxygen saturation; NEWS, national early warning score; qSOFA, quick sequential organ failure assessment; RAPS, rapid acute physiology score; 
REMS, rapid emergency medicine score; WPS, worthing physiological scoring system. aAnalysis by Mann-Whitney U test. bAnalysis by Fisher’s exact test. 
cAnalysis by Chi-square test

Figs 1A and B: ROC and PR plots. Receiver operating characteristic curves for NEWS (0.701), qSOFA (0.651), EWS (0.669), WPS (0.714), RAPS (0.601), 
and REMS (0.705) in the emergency department (left panel) and Precision-Recall curves (right panel) for the six evaluated models

Table 3: Performance measures of the NEWS, qSOFA, EWS, WPS, RAPS, and REMS models for predicting in-hospital mortality at presentation to 
the emergency department

Models AUROC (95% CI) AUCPR (95% CI) BS Threshold SE SP PPV NPV Acc

NEWS 0.701 (0.676,0.723) 0.437 (0.424–0.449) 0.03 5.5 0.61 0.70 0.41 0.81 0.68

qSOFA 0.651 (0.629,0.676)   0.40 (0.388–0.411) 0.14 0.5 0.52 0.68 0.37 0.80 0.64

EWS 0.669 (0.645,0.689) 0.384 (0.372–0.395) 0.15 3.5 0.56 0.67 0.38 0.81 0.64

WPS 0.714 (0.688,0.742) 0.471 (0.458–0.483) 0.09 3.5 0.66 0.58 0.36 0.82 0.60

RAPS 0.601 (0.677,0.728) 0.319 (0.308–0.329) 0.18 2.5 0.60 0.57 0.33 0.80 0.58

REMS 0.705 (0.679,0.731) 0.415 (0.402–0.427) 0.11 6.5 0.67 0.62 0.39 0.84 0.63
Acc, classification accuracy; AUCPR, area under the precision-recall curve; AUROC, area under the receiver operating characteristic curve; BS, brier 
score; CI,  confidence interval; EWS, early warning score; NEWS, national early warning score; NPV, negative predictive value; PPV, positive predictive 
value; qSOFA,  quick sequential organ failure assessment; RAPS, rapid acute physiology score; REMS, rapid emergency medicine score; SE, sensitivity; 
SP, specificity; WPS, worthing physiological scoring system
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of the models. The highest AUCs and AUCPRs belonged to the 
WPS, REMS, and NEWS models, and the lowest to the RAPS model. 
A pairwise comparison of AUROCs showed no statistically significant 
differences between the WPS, REMS, and NEWS (>0.05).

T h e   AU R O C   o f  t h e   W P S ,  R E M S ,  a n d  N E W S  w e r e 
significantly higher than the RAPS, qSOFA, and EWS. Additionally, 

no significant differences were observed between the AUROC 
of EWS and the qSOFA. Regarding prediction accuracy, the 
Brier score  of NEWS was the lowest (0.03), indicating the best 
performance, whereas RAPS had the highest Brier score (0.18), 
indicating the worst performance. Figure 2 displays the calibration 
graphs. The NEWS showed excellent calibration. The rest of the 

Figs 2A to F: Calibration plots of the NEWS, qSOFA, EWS, WPS, RAPS, and REMS models in the emergency department
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models showed a reasonable calibration but with over or under-
prediction at the high end of the predicted probabilities. Among 
the models, the NEWS showed the largest range of predicted 
probabilities. 

Di s c u s s i o n
The variation in severity of the SARS-COV2 has made it a challenging 
task to assess patients’ outcomes. This difficulty is far more 
pronounced in ED settings. In this circumstance using a proper 
scoring system can help prioritize and manage these complicated 
patients.

In this single-center but large cohort study, we investigated 
the predictive performance of the NEWS, qSOFA, EWS, WPS, RAPS, 
and REMS scoring systems which rely mostly on demographics 
and vital signs to predict in-hospital mortality. To the best of our 
knowledge, this is the first study to evaluate and compare different 
models to predict in-hospital mortality in ED settings in patients 
with SARS-COV2.

Main Finding 
All scores demonstrated a clear positive association with the 
outcome of in-hospital mortality. The WPS, REMS, and NEWS models 
exhibited the best and nearly identical performance as evidenced 
by their AUC, AUCPR, and Brier scores. Their AUC values, ranging 
from 0.7 to 0.8, are considered “fair”. The RAPS, qSOFA, and EWS 
models had poor discriminatory power. There were no significant 
differences between the qSOFA and the EWS models. The RAPS 
model had the worst AUROC, showing poor discrimination between 
survivors and non-survivors. 

The NEWS showed excellent calibration, indicating good 
agreement between predictions and observed outcomes. EWS 
and REMS models showed reasonable calibration but with some 
overestimation, and qSOFA, WPS, and RAPS showed reasonable 
calibration but with or underestimation at the higher range of 
the predicted probabilities. The other models showed worse 
calibration.

Comparison to Other Related Studies
Recently, numerous studies have been conducted to evaluate the 
predictive performance of rapid scoring systems such as REMS, 
MEWS, and qSOFA on SARS-COV2 patients worldwide as shown 
in Table 4. Our findings are consistent with a Chinese study that 
reported better performance of the REMS model in predicting 
mortality among SARS-CoV-2 patients as compared to the RAPS 
and MEWS models.32 

Other evidence also supports the superior discriminatory 
power of REMS in comparison to MEWS.33 However, in our study, 
the qSOFA model performed poorly, which is in contrast to the 
fair performance observed in the Chinese study (AUCROC: 0.74, 
CI 95%: 0.66–0.82).34 There is also a similar finding (indicating poor 
discrimination ability) in predicting the outcome by the qSOFA in 
another study. The only difference with the present study was that 
respiratory failure within 24 hours of admission was considered as 
an outcome of the model rather than mortality.35 

In our study, comorbidities and different underlying medical 
conditions such as hypertension, cancer, diabetes, CHD, CKD, 
and CVD (except asthma) had a significant relationship with the 
outcome. This is consistent with the recent reports that found a 
significant relationship between hypertension, CKD, CHD, and also 
diabetes with the outcome.3,36 In contrast, it has been reported Ta
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in two Chinese studies that, there was no significant relationship 
between Carcinoma and outcome while our study showed 
a positive association.34,36 In another study, diabetes, hypotension, 
cardiovascular disease, chronic liver, and kidney disease, was 
associated with an increased mortality but cerebrovascular disease, 
and malignancy was not.37

Strengths and Limitations
This study has several important strengths. Firstly, it involves a large 
number of patients, approximately 46 times more than the largest 
related study in Table 4. Secondly, it utilizes various evaluation 
methods to assess model performance, including discrimination, 
calibration, Brier score, and the area under the precision-recall 
curve. Furthermore, this study compares the performance of six 
models and statistical tests for differences among them. Despite its 
strengths, the study also has some limitations. One limitation is the 
presence of missing values for some predictors, which accounted 
for 28.5% of the overall data. However, we addressed this issue by 
using multiple imputations within bootstrap samples. Another 
limitation is that the generalizability of our findings may be limited 
since the study was conducted in a single center. Nonetheless, the 
hospital where the study was conducted is one of the main centers 
for SARS-COV2 patients.

Implications
This study provides important insights into the use of prediction 
models for mortality in COVID-19 patients. The results can be 
valuable for policy makers who need to prioritize the care of 
critically ill patients and allocate resources efficiently during 
the pandemic.38,39 Resource can be challenging, particularly in 
crowded emergency departments during the pandemic. So, more 
accurate models could help both physicians and decision makers 
to determine the appropriate care for their patients. Additionally, 
these models can prevent early patient discharge or serve as a 
precise tool for ICU admissions. The methodology employed in 
this study can also be beneficial for future researchers. Multicentric 
studies are necessary to further investigate the performance 
of these models in the SARS-COV2 patient population, taking 
laboratory results into account. The application of machine learning 
techniques can enhance the accuracy of these models and is 
strongly recommended for future investigations.30,40–43 

Co n c lu s i o n
This study evaluates the internal validity of six prediction models 
based on prominent scores and compares them. It demonstrates 
the potential utility of the models based on REMS and EWS as risk-
stratification tools for SARS-COV2 patients at presentation to ED.

Ethics Approval and Consent to Participate
The study was approved by Mashhad University of Medical Sciences 
(Number: IR.MUMS.REC.1400.141) and conformed to the Declaration 
of Helsinki principles.
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Data analyzed in this study will be available upon reasonable 
request from corresponding author. 
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