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ABSTRACT
Objectives To identify factors influencing the mortality 
risk in critically ill patients with COVID- 19, and to develop 
a risk prediction score to be used at admission to intensive 
care unit (ICU).
Design A multicentre cohort study.
Setting and participants 1542 patients with COVID- 19 
admitted to ICUs in public hospitals of Abu Dhabi, United 
Arab Emirates between 1 March 2020 and 22 July 2020.
Main outcomes and measures The primary outcome 
was time from ICU admission until death. We used 
competing risk regression models and Least Absolute 
Shrinkage and Selection Operator to identify the factors, 
and to construct a risk score. Predictive ability of the score 
was assessed by the area under the receiver operating 
characteristic curve (AUC), and the Brier score using 500 
bootstraps replications.
Results Among patients admitted to ICU, 196 (12.7%) 
died, 1215 (78.8%) were discharged and 131 (8.5%) 
were right- censored. The cumulative mortality incidence 
was 14% (95% CI 12.17% to 15.82%). From 36 potential 
predictors, we identified seven factors associated with 
mortality, and included in the risk score: age (adjusted HR 
(AHR) 1.98; 95% CI 1.71 to 2.31), neutrophil percentage 
(AHR 1.71; 95% CI 1.27 to 2.31), lactate dehydrogenase 
(AHR 1.31; 95% CI 1.15 to 1.49), respiratory rate (AHR 
1.31; 95% CI 1.15 to 1.49), creatinine (AHR 1.19; 95% 
CI 1.11 to 1.28), Glasgow Coma Scale (AHR 0.70; 95% 
CI 0.63 to 0.78) and oxygen saturation (SpO

2) (AHR 0.82; 
95% CI 0.74 to 0.91). The mean AUC was 88.1 (95% CI 
85.6 to 91.6), and the Brier score was 8.11 (95% CI 6.74 
to 9.60). We developed a freely available web- based risk 
calculator (https://icumortalityrisk.shinyapps.io/ICUrisk/).
Conclusion In critically ill patients with COVID- 19, we 
identified factors associated with mortality, and developed 
a risk prediction tool that showed high predictive ability. 
This tool may have utility in clinical settings to guide 
decision- making, and may facilitate the identification of 
supportive therapies to improve outcomes.

INTRODUCTION
The COVID- 19 pandemic caused by SARS- 
CoV- 2 has affected >151 million patients, 
and >3.1 million have died, as of 4 May 
2021.1 A wide spectrum of clinical symptoms 

of SARS- CoV- 2 has been reported, encom-
passing asymptomatic infection, mild upper 
respiratory tract illness and severe viral pneu-
monia with respiratory failure leading to 
hospital admission and death.2 3

The preventive and treatment challenge 
of COVID- 19 is very high because of the 
complexity of its transmission, substantial 
heterogeneity in the progression of disease 
and lack of proven treatment.4 5 Several 
studies have attempted to address this by 
predicting clinical outcomes using statistical 
association analyses or prediction model 
development methods in order to guide the 
management and prognostication of patients 
with COVID- 19.6–17 Based on patient char-
acteristics at the time of hospital admission, 
Liang et al7 proposed a risk score to predict 
critical illness defined as a composite of 
intensive care unit (ICU) admission, invasive 
ventilation or death. Similarly, a severity score 
ranging from 0 to 10 is proposed to predict 
inpatient mortality in patients with COVID- 
19, which consisted of six parameters assessed 
at the time of hospital admission.12

A modified Nutrition Risk in the Criti-
cally ill (mNUTRIC) score assessed at ICU 
admission has also shown higher mortality in 
patients with COVID- 19 with high nutritional 

STRENGTHS AND LIMITATIONS OF THIS STUDY
 ⇒ Patients admitted to intensive care unit (ICU) with 
confirmed COVID- 19 have relatively high prevalence 
of in- hospital mortality, however, limited data are 
available regarding the risk prediction scores in this 
population.

 ⇒ Our clinical risk score includes clinical features 
which are readily available at ICU admission, thus 
amplifying its clinical applicability.

 ⇒ A major limitation is the generalisability of risk pre-
diction score to other settings, and external valida-
tion should be the next step.
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risk compared with those with low nutritional risk.14 
Furthermore, a prognostic score using machine learning 
methods has been shown to predict death in ICU patients 
with COVID- 19.15 Additionally, various demographics, 
clinical- level and hospital- level risk factors have been 
reported to be associated with death in patients admitted 
to ICU.8

A recent meta- analysis showed that more than one- 
fourth of patients with COVID- 19 were admitted to ICU 
globally, and the prevalence of mortality among these 
patients was very high (31%).18 However, limited data 
are available related to prognostic risk score of in- hos-
pital mortality in critically ill patients with COVID- 19 who 
were admitted to ICU. Therefore, the aim of the present 
study was to identify the risk factors and the set of clin-
ical markers that increase the risk of death among ICU- 
admitted patients with COVID- 19, and to develop a risk 
prediction score that may facilitate the identification of 
supportive therapies to improve outcomes. We also aim 
to develop an easy- to- use web- based risk calculator imple-
menting the derived risk prediction score to allow clini-
cians enter the values of the selected variables required 
for the risk calculation of mortality in patients admitted 
to ICU with COVID- 19. The online calculator will provide 
stratification of patients into high- risk and low- risk cate-
gories based on an estimated cut- off risk corresponding 
to optimal performance measures of sensitivity and 
specificity.

METHODS
Study design and data sources
This is a multicentre cohort study in which data of all 
laboratory confirmed patients with COVID- 19 admitted 
to ICU in the Emirate of Abu Dhabi, United Arab Emir-
ates (UAE) between 1 March 2020 and 22 July 2020 were 
retrieved from electronic medical records. The data 
were collected from four major hospitals as well as newly 
developed field hospitals operating with some ICU bed 
capacity. The estimated bed capacity for ICU and/or 
high- dependency unit (HDU) was around 550 across the 
Emirate. We included patients who were admitted to a 
regular ICU room or to a HDU or if they were consis-
tently receiving any form of oxygen therapy during their 
hospital stay in a make- shift ICU.

Outcomes
The primary outcome of this study is the survival time 
defined as the duration of time, from the date of ICU 
admission, until the date of death. Patients still hospi-
talised at the date of data extraction were considered 
as right censored and those discharged alive from the 
hospital were considered as competing events to death 
due to COVID- 19.

Statistical analyses
Baseline characteristics were summarised using descrip-
tive statistics including mean and SD for continuous 

measures, and frequencies tables for categorical variables. 
We compared categorical variables using the χ2 or Fisher’s 
exact test, and continuous variables using the unpaired 
t- test or its non- parametric equivalent (Wilcoxon rank 
sum test) in case the normality assumption is violated.

Potential predictive variables
We considered 36 patient’s characteristics assessed 
at the time of ICU admission as potential predictors 
based on demographics, clinical signs and symptoms, 
medical history and laboratory findings. Demographic 
variables included age and sex. Clinical signs and symp-
toms included systolic blood pressure, diastolic blood 
pressure, respiratory rate, Glasgow Coma Scale ratings 
and minimum level of peripheral capillary oxygen 
saturation (SpO2). Medical history included status of 
coexisting conditions: diabetes, hypertension, cardio-
vascular disease, respiratory diseases, chronic kidney 
disease, cancer and liver disease. Laboratory findings 
included white blood cells, monocytes count, monocytes 
percentage, neutrophils count, neutrophils percentage, 
lymphocytes count, lymphocytes percentage, red blood 
cell, platelets count, neutrophils- lymphocytes count ratio, 
neutrophils- to- lymphocytes percentage ratio, levels of C 
reactive protein, lactate dehydrogenase (LDH), ferritin, 
haemoglobin, haematocrit, sodium, potassium, chloride, 
bicarbonates, creatinine and red blood cell distribution 
width. Patients with available data on these characteristics 
were included in the final analysis.

The statistical model
We used the competing risk regression model to inves-
tigate the association between death due to COVID- 19 
and all potential risk factors. We have chosen to use this 
model, instead of the standard Cox proportional hazard 
model, because discharge alive or recovery is clearly a 
competing event to death due to COVID- 19.19 20 Ignoring 
this property will lead to biased estimates of the HRs and 
the survival curves. We estimated and plotted the survival 
curves using the cumulative incidence function taking 
into account competing risks. Cumulative incidence 
curves of different groups were compared using the 
Gray’s test21 for subdistribution hazards, an equivalent 
of the log- rank test in the case of competing events. We 
used the Fine and Gray proportional hazards regression 
models22 to investigate the association between potential 
risk factors and the primary outcome, and also to derive 
the risk prediction score. All statistical analysis and data 
management carried out in this paper were done using 
the R software V.3.6.3 and p values <0.05 were considered 
as statistically significant.

Variables selection method and derivation of the risk prediction 
score
We used the Least Absolute Shrinkage and Selection Oper-
ator (LASSO) with Bayes Information criterion (BIC) 
for variables selection.23 24 This method uses a shrinking 
parameter to penalise non- significant coefficients of the 



3Alkaabi S, et al. BMJ Open 2021;11:e048770. doi:10.1136/bmjopen-2021-048770

Open access

Fine and Gray competing risk regression model. Larger 
shrinking parameters make the coefficients of non- 
significant risk factors to shrink towards zero, so that only 
the strongest predictors remain in the survival model. 
Unlike the standard selection methods, such as stepwise 
forward or backward, the LASSO procedure can deal with 
issues of multicollinearity. All the 36 potential predictors 
were scaled using the z- score transformation, and were 
entered in the selection process. The most predictive 
covariates were selected by choosing the shrinking param-
eter that minimises the BIC. Predictors selected by the 
LASSO procedure that were statistically significant were 
retained to construct the risk prediction score. We also 
investigated all statistical interactions between pairs of the 
retained predictors.

Validation of the risk prediction score
We derived the 28- day risk of in- hospital death using the 
estimates obtained from the Fine and Gray competing 
risk regression model. The predictive ability of this 
proposed risk prediction score was assessed using discrim-
ination and calibration. Discrimination refers to how well 
the predictive model is capable of discriminating between 
individuals who died and those who were discharged alive, 
whereas calibration refers to the agreement between 
observed and predicted number of deaths. Discrimi-
nation was assessed via the time- dependent area under 
the receiver operating characteristic curve (AUC). Cali-
bration was assessed via the time- dependent Brier score, 
and visually by plotting expected versus observed deaths. 
To reduce overfitting and optimism bias, we carried out 
internal validation of the risk prediction score by esti-
mating the AUC and Brier score using 500 bootstraps 
replications. This method allows all of the original data 
to be used in the model development while providing 
insight into the extent to which the original model is 
overfitting or too optimistic.

Patient and public involvement
Patients or the public were not involved in the design, 
or conduct, or reporting, or dissemination plans of our 
research.

Results
A total of 1695 patients were eligible for the study entry 
among which 1542 had complete information on all 
the potential predictors and hence were included in 
the analysis. The characteristics of the 153 patients who 
were excluded from the analysis (due to missing values) 
were not different from those who were included in 
the current analysis (online supplemental eTable 1). 
Almost three- quarters of the study patients were Asians 
and nearly one- quarter were Arabs, which is consistent 
with the demographic composition of the entire popula-
tion of Abu Dhabi. Of the 1542 patients with COVID- 19 
admitted to ICU, 196 (12.7 %) died, 1215 (78.8%) were 
discharged alive and 131 (8.5%) were right- censored (ie, 
still hospitalised at the date of data extraction). Taking 

into account right- censored observations, the cumula-
tive incidence of mortality was estimated at 14% (95% 
CI 12.17% to 15.82%), and the cumulative incidence of 
discharge was estimated to be 85.40% (95% CI 83.54 to 
87.26) (figure 1).

The demographic and clinical characteristics of the 
patients are presented in table 1. Among 221 female 
patients, 28 (12.7%) have died, and among 1321 male 
patients, 168 (12.7%) have died. Compared with patients 
who were discharged alive, those who died were older 
and had higher prevalence of diabetes, hypertension, 
chronic kidney disease, cardiovascular disease and liver 
disease; lower diastolic blood pressure, higher respiratory 
rate, lower scores of Glasgow Coma Scale, lower levels 
of SpO2 and a higher percentage of patients requiring 
oxygen therapy.

The laboratory findings of the patients included in our 
study are presented in table 2. Compared with patients 
who were discharged alive, those who died had unfavour-
able laboratory profile on almost all variables including 
levels of C reactive protein, creatinine, LDH, red blood 
cell distribution width, white blood cell count, potassium, 
ferritin, values of red blood cells, lymphocytes, mono-
cytes, platelets count, haemoglobin, haematocrit and 
serum bicarbonates.

The results of the univariate competing risk model 
for each of the 36 potential predictors measured at ICU 
admission are presented in the online supplemental 
eTable 2. Of these 36 variables, 7 statistically significant 
predictors of mortality were retained by the LASSO selec-
tion procedure in the multivariable competing risk regres-
sion model (online supplemental eFigure 1). The HRs, 
p values and 95% CIs of these significant variables are 
presented in table 3. The significant predictors increasing 
the risk of death included older age (HR 1.98 (95% CI 
1.71 to 2.31); p<0.001), higher neutrophil percentage 
(HR 1.71 (95% CI 1.27 to 2.31); p<0.001), higher LDH 
levels (HR 1.31 (95% CI 1.15 to 1.49); p<0.001), higher 
respiratory rate (HR 1.31 (95% CI 1.15 to 1.49); p<0.001) 
and high levels of creatinine (HR 1.19 (95% CI 1.11 to 
1.28); p<0.001). The significant predictors lowering the 
risk of death included higher Glasgow Coma Scale (HR 

Figure 1 Mortality and recovery curves among critically ill 
patients with COVID- 19. ICU, intensive care unit.

https://dx.doi.org/10.1136/bmjopen-2021-048770
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Table 1 Demographics and clinical characteristics among critically ill patients with COVID- 19

Characteristics Total Died Alive P value*

No. (%) 1542 (100) 196 (13) 1346 (87)

Female sex, n (%) 221 (14.3) 28 (14.3) 193 (14.3)

Age, mean (SD), years 48.9 (12.7) 56.7 (13.3) 47.8 (12.1) <0.001

Systolic blood pressure, mean (SD), mm 
Hg

126.2 (17.4) 125.5 (21.1) 126.3 (16.8) 0.286

Diastolic blood pressure, mean (SD), mm 
Hg

75.5 (12.1) 72.2 (12.5) 76.0 (12.0) <0.001

Respiratory rate, mean (SD), breaths/min 23.3 (6.7) 27.1 (7.4) 22.7 (6.4) <0.001

Oxygen saturation (SpO2), n (%)

  <90 487 (31.6) 138 (70.4) 349 (25.9)

  90–94 569 (36.9) 39 (19.9) 530 (39.4)

  ≥95 486 (31.5) 19 (9.7) 467 (34.7)

Oxygen therapy†, n (%)

  Hypoxic respiratory failure requiring 
supplemental oxygen

736 (47.7) 18 (9.2) 718 (53.3)

  Hypoxic respiratory failure requiring 
non- invasive mechanical ventilation

76 (4.9) 11 (5.6) 65 (4.8)

  Hypoxic respiratory failure requiring 
invasive mechanical ventilation

519 (33.7) 167 (85.2) 352 (26.2) <0.001

Co- existing conditions, n (%)

  0 498 (32.3) 39 (19.9) 459 (34.1)

  1 403 (26.1) 45 (23.0) 358 (26.6)

  ≥2 641 (41.6) 112 (57.1) 529 (39.3) <0.001

Diabetes, n (%)

  No 874 (56.7) 86 (43.9) 788 (58.5)

  Yes 668 (43.3) 110 (56.1) 558 (41.5) <0.001

Hypertension, n (%)

  No 854 (55.4) 82 (41.8) 772 (57.4)

  Yes 688 (44.6) 114 (58.2) 574 (42.6) <0.001

Respiratory disease, n (%)

  No 1361 (88.3) 166 (84.7) 1195 (88.8)

  Yes 181 (11.7) 30 (15.3) 151 (11.2) 0.123

Cardiovascular disease, n (%)

  No 1053 (68.3) 100 (51.0) 953 (70.8)

  Yes 489 (31.7) 96 (49.0) 393 (29.2) <0.001

Chronic kidney disease, n (%)

  No 1397 (90.6) 159 (81.1) 1238 (92.0)

  Yes 145 (9.4) 37 (18.9) 108 (8.0) <0.001

Cancer, n (%)

  No 1479 (95.9) 183 (93.4) 1296 (96.3)

  Yes 63 (4.1) 13 (6.6) 50 (3.7) 0.083

Liver disease, n (%)

  No 1437 (93.2) 174 (88.8) 1263 (93.8)

  Yes 105 (6.8) 22 (11.2) 83 (6.2) 0.013

  Glasgow Coma Scale, mean (SD) 13.83 (±3.42) 11.94 (±5.07) 14.28 (±2.71) <0.001

Mild, n (%) 1391 (90.2) 121 (61.7) 1270 (94.4)

Continued



5Alkaabi S, et al. BMJ Open 2021;11:e048770. doi:10.1136/bmjopen-2021-048770

Open access

0.70 (95% CI 0.63 to 0.78); p<0.001) and higher SpO2 
levels (HR 0.82 (95% CI 0.74 to 0.91); p<0.001). We found 
no statistically significant interaction terms between pairs 
of the retained predictors.

The cumulative incidence function of these seven 
predictors retained by LASSO in the multivariable model 
is shown in the online supplemental eFigure 2. For graph-
ical presentation, we created a binary variable based on 
the median split in case of continuous risk factors.

Validation of the risk prediction score
The results of the internal validation using 500 bootstrap 
samples are shown in figure 2. The predictive ability of 
the derived risk prediction score was quite promising. 
Indeed, regarding discrimination, the estimated AUC was 

88.1 (95% CI 85.6 to 90.6), and the Brier score, measuring 
calibration, was estimated to 8.11 (95% CI 6.74 to 9.60). 
Figure 2 also shows the calibration plot for the risk predic-
tion score, in which the predicted frequencies of deaths 
were plotted against the observed ones.

From figure 2, it is evident that the predicted frequen-
cies of death were very close to the observed ones 
suggesting a very good calibration. The risk prediction 
score provided a sensitivity of 81% and a specificity of 
79% using a cut- off risk of 11.5%.

We also developed an easy- to- use web- based risk calcu-
lator implementing the derived risk prediction score to 
allow clinicians enter the values of the selected variables 
required for the risk calculation of mortality in patients 

Characteristics Total Died Alive P value*

Moderate, n (%) 21 (1.4) 7 (3.6) 14 (1.0)

Severe, n (%) 130 (8.4) 68 (34.7) 62 (4.6) <0.001

Glasgow Coma Scale: mild (14–15), moderate (9–13) or severe (3–8).
*Continuous variables were compared using the t- test or Wilcoxon rank sum test, while categorical variables were compared using the χ2 or 
Fisher’s exact test.
†The percentages do not sum up to 100% because there are patients not requiring any form of oxygen therapy.

Table 1 Continued

Table 2 Laboratory findings among critically ill patients with COVID- 19

Variable Total Died Alive

P valueNumber (%) 1542 (100) 196 (13) 1346 (87)

White blood cells, mean (SD), ×109/L 7.89 (3.92) 10.40 (6.01) 7.52 (3.36) <0.001

Lymphocyte count, mean (SD), ×109/L 1.28 (0.71) 0.93 (0.57) 1.33 (0.72) <0.001

Lymphocyte per cent, mean (SD), % 18.76 (10.74) 10.86 (6.93) 19.92 (10.72) <0.001

Neutrophil count, mean (SD), ×109/L 6.00 (3.77) 8.85 (5.65) 5.58 (3.21) <0.001

Neutrophil per cent, mean (SD), % 73.04 (13.28) 83.29 (9.96) 71.55 (13.05) <0.001

Neutrophil- to- lymphocyte count ratio 6.81 (9.39) 13.66 (18.16) 5.82 (6.73) <0.001

Neutrophil- to- lymphocyte per cent ratio 6.82 (9.46) 13.69 (18.33) 5.82 (6.77) <0.001

Monocytes count, mean (SD), ×109/L 0.51 (0.36) 0.50 (0.72) 0.51 (0.28) 0.769

Monocytes per cent, mean (SD), % 6.93 (3.67) 4.94 (4.99) 7.22 (3.34) <0.001

Platelet count, mean (SD), ×109/L 263.57 (107.94) 241.88 (104.12) 266.72 (108.17) 0.002

Red blood cell, mean (SD), ×1012/L 4.75 (0.71) 4.56 (0.80) 4.78 (0.70) <0.001

Red blood cell distribution width, % 13.49 (1.60) 13.97 (1.76) 13.42 (1.56) <0.001

Haemoglobin level, mean (SD), g/L 131.90 (18.24) 126.18 (19.59) 132.73 (17.89) <0.001

Haematocrit, mean (SD), L/L 0.39 (0.05) 0.38 (0.06) 0.40 (0.05) <0.001

Creatinine level, mean (SD), µmol/L 97.76 (111.80) 149.97 (188.91) 90.15 (93.23) <0.001

C reactive protein level, mean (SD), mg/L 102.13 (94.00) 173.05 (112.06) 91.80 (86.39) <0.001

Lactate dehydrogenase, mean (SD), IU/L 409.32 (223.16) 605.80 (291.22) 380.71 (195.74) <0.001

Serum chloride, mean (SD), mmol/L 99.25 (4.50) 99.05 (5.97) 99.28 (4.25) 0.600

Serum bicarbonate, mean (SD), mmol/L 22.80 (3.28) 21.02 (4.23) 23.06 (3.04) <0.001

Potassium, mean (SD), mmol/L 4.05 (0.55) 4.21 (0.76) 4.03 (0.50) 0.002

Sodium, mean (SD), mmol/L 136.98 (4.36) 136.97 (5.80) 136.98 (4.11) 0.984

Ferritin, mean (SD), ng/mL 1209.37 (1374.60) 1779.63 (1930.98) 1126.33 (1252.99) <0.001

https://dx.doi.org/10.1136/bmjopen-2021-048770
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admitted to ICU with COVID- 19. The online calculator 
also provides stratification of patients into high- risk and 
low- risk categories based on an estimated cut- off risk 
corresponding to optimal performance measures of 
sensitivity and specificity. The online risk calculator is 
freely available at (https://icumortalityrisk.shinyapps.io/ 
ICUrisk/).

Discussion
We developed and internally validated a clinical risk 
prediction score and a web- based risk calculator to 
predict the risk of in- hospital death in adult patients with 
confirmed COVID- 19 admitted to ICUs. The risk predic-
tion score shows high accuracy in terms of discrimination 
(AUC=88.1) and calibration (Bier score=8.11) with an 
almost perfect similarity between predicted and expected 

deaths. We identified seven readily available clinical 
features at ICU admission to be used for risk prediction 
of in- hospital mortality namely age, minimum oxygen 
saturation, respiratory rate, Glasgow Coma Scale ratings, 
neutrophil percentage, LDH and creatinine levels. Our 
work shows that input of these variables in an easy- to use 
web- based risk calculator has the potential to accurately 
classify ICU admitted patients as likely to be discharged 
alive or die.

A major strength of this study is the relatively large 
number of laboratory confirmed patients with COVID- 19 
admitted to ICU, and the inclusion of information on 
a broad range of demographic, clinical and laboratory 
characteristics. Furthermore, the risk prediction score 
includes clinical features that are readily available at 
ICU admission that increases its clinical applicability. An 
obvious limitation of this study is the generalisability of 
risk prediction score in other settings, and we acknowl-
edge that external validation of our risk prediction score 
in other populations is the next step in model develop-
ment. Furthermore, the participants included in this 
study were younger compared with other studies using 
the data at the time of hospital admission,8 12–17 which 
may in turn limit the generalisability in older patients.

Previous studies have reported risk prediction scores 
of mortality based on the clinical features at the time 
of hospital or ICU admission, including patients with 
mild, moderate or severe forms of disease.6 7 9 10 12–17 For 
instance, using data of 4711 confirmed patients with 
COVID- 19, a severity score to predict in- hospital mortality 
was developed and validated, and consisted of six variables 
(age, oxygen saturation, mean arterial pressure, blood 
urea nitrogen, C reactive protein and the international 
normalised ratio) assessed at the time of hospital admis-
sion.12 Moreover, 10 variables (chest radiographic abnor-
mality, age, haemoptysis, dyspnoea, unconsciousness, 

Table 3 Multivariable adjusted competing risk regression 
model for mortality

Variables HR (95% CI) P value

Age, years 1.98 (1.71 to 2.31) <0.001

Neutrophils ×109/L, 
percentage

1.71 (1.27 to 2.31) <0.001

Lactate dehydrogenase, 
IU/L

1.31 (1.15 to 1.49) <0.001

Respiratory rate, 
breaths/min

1.31 (1.15 to 1.49) <0.001

Glasgow Coma Scale 0.70 (0.63 to 0.78) <0.001

Oxygen saturation (SpO2) 0.82 (0.74 to 0.91) <0.001

Creatinine, µmol/L 1.19 (1.11 to 1.28) <0.001

The predictors were scaled using z- score transformation, and 
HRs should be interpreted as 1 SD change in the values of the 
parameters.
SpO2, peripheral capillary oxygen saturation.

Figure 2 (A) Calibration and (B) area under the receiver operating characteristic curve (AUC) of predicting death among 
patients with COVID- 19 admitted to ICU.

https://icumortalityrisk.shinyapps.io/ICUrisk/
https://icumortalityrisk.shinyapps.io/ICUrisk/
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number of comorbidities, cancer history, neutrophil- to- 
lymphocyte ratio, LDH and direct bilirubin) were found 
to be independent predictive factors, and were included 
in the risk score to predict the occurrence of critical 
illness in hospitalised patients with COVID- 19.7 The Inter-
national Severe Respiratory and emerging Infections 
Consortium developed and validated a mortality score 
consisting of eight variables (age, sex, number of comor-
bidities, respiratory rate, peripheral oxygen saturation, 
level of consciousness, urea level and C reactive protein) 
that were available at the initial hospital assessment.9 
In line with this, methods using machine learning have 
identified eight important risk factors to predict mortality 
in ICU admitted patients with COVID- 19.15 Interest-
ingly, nutritional status of the critically ill patients with 
COVID- 19 ascertained by mNUTRIC score at the time of 
ICU admission predicted twice the probability of death in 
patients with high nutritional risk than low- risk patients.14 
The difference in the number and types of independent 
clinical features associated with mortality between our 
study and others may be explained by the differences 
in the baseline characteristics of the population or the 
choice of the statistical analyses. Indeed, we have chosen 
to use the competing risk regression model instead of the 
standard Cox proportional hazard model or the logistic 
regression model because recovery is clearly a competing 
event to in- hospital death due to COVID- 19.19 20 Ignoring 
this property will definitely lead to biased effect esti-
mates. Another plausible reason for this difference in 
the results is the younger age of the participants in our 
study compared with other studies,12–17 which could likely 
influence the clinical features to be included in the risk 
prediction score.

Other statistical association analyses have been 
published to investigate the factors affecting mortality 
due to COVID- 19 in patients admitted to ICU.8 11 For 
instance, a multicentre cohort study of 2215 adults with 
laboratory- confirmed COVID- 19 admitted to ICU in the 
USA identified 9 risk factors independently associated 
with the 28 days mortality. These risk factors included 
age, sex, body mass index, coronary artery disease, active 
cancer, presence of hypoxaemia, liver dysfunction, kidney 
dysfunction and the number of hospital ICU beds.8 In 
our risk score, none of the comorbid conditions achieved 
statistical significance for in- hospital mortality, however, 
other significant laboratory findings such as increased 
LDH and increased creatinine levels may represent 
underlying diseases such as liver disease, lung disease or 
kidney dysfunction.

Interestingly, a non- COVID- 19 prediction score named 
Waterlow score has shown to predict 30- day mortality 
and length of hospital stay in acutely admitted elderly 
patients.25 The Waterlow score is a multidimensional pres-
sure ulcer risk assessment tool and includes age, nutri-
tional status, weight, mobility, gender, smoking status, 
comorbidities, use of medication and continence.25 One 
of the significant predictors of mortality included in our 
risk score is Glasgow Coma Scale, which is an objective and 

reliable way of recording the initial and subsequent level 
of consciousness, and could be used as a proxy to conti-
nence. Although the association between Waterlow score 
and mortality is demonstrated in patients aged 65 years 
and above, especially for respiratory, cardiac and stroke 
conditions, its application in patients with confirmed 
COVID- 19 warrants further investigations.

The recent COVID- 19 epidemiological update from 
WHO, as of 4 May 2021, reported over 5.7 million new 
weekly cases worldwide which is at the highest level since 
the beginning of the pandemic.1 The WHO European 
and American regions accounted for 20% and 23% of 
new weekly cases, respectively. The largest increase 
accounting for 47% of new weekly cases was noted 
in South East Asia region particularly in India which 
accounted for over 90% of both cases and deaths in the 
region. The Eastern Mediterranean region that includes 
UAE accounted for 6% of new weekly cases.1 Earlier 
studies have reported rate of admission to ICU among 
confirmed SARS- CoV- 2 cases ranging between 2% and 
81%,18 26 27 and high mortality prevalence among ICU 
patients ranging between 5% and 83%.3 18 28 A meta- 
analysis of 25 studies with 24 677 patients demonstrated a 
rate of 26% for ICU admission, and 31% mortality preva-
lence among patients admitted to ICU with a severe form 
of COVID- 19.18 The relative high number of deaths in 
the ICU presents an enormous challenge to the prog-
nostication and management of patients with COVID- 19. 
We believe that the risk tool provided in this study may 
have utility in clinical settings to guide decision- making, 
and may facilitate the early identification of patients at 
high risk of death, and may be used as a guidance in busy 
ICU units to stratify patients according to their risk in 
order to deliver the best available supportive care. The 
parameters selected are easily available at the time of 
ICU admission.

CONCLUSION
We developed and internally validated a risk tool for 
predicting in- hospital death among patients with 
COVID- 19 admitted to ICU, which shows high predic-
tive accuracy. This tool can assist in early identification 
of patients during ICU admission who are at high risks of 
death, and consequently can facilitate optimal delivery of 
supportive care for these patients.
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