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a b s t r a c t 

Objectives : To validate and recalibrate the CURB-65 and pneumonia severity index (PSI) in predicting 30- 

day mortality and critical care intervention (CCI) in a multiethnic population with COVID-19, along with 

evaluating both models in predicting CCI. 

Methods : Retrospective data was collected for 1181 patients admitted to the largest hospital in Qatar 

with COVID-19 pneumonia. The area under the curve (AUC), calibration curves, and other metrics were 

bootstrapped to examine the performance of the models. Variables constituting the CURB-65 and PSI 

scores underwent further analysis using the Least Absolute Shrinkage and Selection Operator (LASSO) 

along with logistic regression to develop a model predicting CCI. Complex machine learning models were 

built for comparative analysis. 

Results : The PSI performed better than CURB-65 in predicting 30-day mortality (AUC 0.83, 0.78 respec- 

tively), while CURB-65 outperformed PSI in predicting CCI (AUC 0.78, 0.70 respectively). The modified 

PSI/CURB-65 model (respiratory rate, oxygen saturation, hematocrit, age, sodium, and glucose) predicting 

CCI had excellent accuracy (AUC 0.823) and good calibration. 

Conclusions : Our study recalibrated, externally validated the PSI and CURB-65 for predicting 30-day mor- 

tality and CCI, and developed a model for predicting CCI. Our tool can potentially guide clinicians in Qatar 

to stratify patients with COVID-19 pneumonia. 

© 2021 The Author(s). Published by Elsevier Ltd on behalf of International Society for Infectious 

Diseases. 

This is an open access article under the CC BY-NC-ND license 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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Illness from coronavirus first appeared almost 20 years ago 

hrough severe acute respiratory syndrome (SARS) and the Mid- 

le East respiratory syndrome (MERS). At the end of 2019, COVID- 

9 (SARS-CoV-2) took the world by storm, spreading even to the 

ost remote places. Unfortunately, COVID-19 proved to be far 

ore challenging than its predecessors. The World Health Orga- 

ization (WHO) reported that as of April 8, 2021, the number 
∗ Correspondence author. Amr Elmoheen, Consultant Emergency Medicine, De- 

artment of Emergency Medicine, Hamad Medical Corporation, P.O. Box 3050, Doha, 

atar, + 97433695722 

E-mail address: aelmoheen@hamad.qa (A. Elmoheen). 
# Both authors contributed equally to this manuscript. 

s

i

S

fi

i

ttps://doi.org/10.1016/j.ijid.2021.08.027 

201-9712/© 2021 The Author(s). Published by Elsevier Ltd on behalf of International Soc

icense ( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
f confirmed cases of COVID-19 was 132,730,691, with stagger- 

ng 2,880,726 deaths worldwide. As of April 7, 2021, a total of 

50,382,819 vaccine doses have been administered ( WHO, 2021 ). 

The State of Qatar has a comprehensive public healthcare sys- 

em of government-operated facilities of the Hamad Medical Cor- 

oration (HMC). All acute care cases, including adults and children, 

re seen. The emergency physicians (EPs) are usually involved in 

he initial assessments and the clinical management decisions to 

irect the patients to the most appropriate facility according to the 

everity of the disease. 

Recently, there has been an urgent need to predict critical care 

ntervention (CCI) and mortality in patients with COVID-19. In the 

tate of Qatar, as of April 16, 2021, there have been 194,930 con- 

rmed cases with 367 deaths and 1,209,648 vaccine doses admin- 

stered ( COVID19 - Qatari Ministry of Publich Health 2021 ). Qatar 
iety for Infectious Diseases. This is an open access article under the CC BY-NC-ND 
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s currently being hit by the second wave, with an average of 32 

dmissions to the intensive care unit (ICU) and an average of 327 

CU beds occupied per day. Respiratory illness has been the leading 

ause of death from COVID-19 worldwide ( Ruan et al., 2020 ). 

Different scoring systems can be used to assess the severity of 

neumonia ( Ranzani et al., 2018 ). Most of the EPs are familiar with

he CURB-65 score (confusion, urea, respiratory rate, blood pres- 

ure, and age ≥65 years) ( Lim et al., 2003 ) and pneumonia sever-

ty index (PSI) ( Fine et al., 1997 ). While the PSI score is an exten-

ive tool that provides excellent risk stratification of patients with 

ommunity-acquired pneumonia (CAP), the CURB-65 is easier to 

se in a clinical setting with its fewer variables ( Chalmers et al., 

010 , Fine et al., 1997 ). PSI scores comprise five groups; I, II, III, IV,

nd V. Patients with scores (I–III) and (IV–V) are deemed low and 

igh-risk groups, respectively. Similarly, the CURB-65 scores range 

rom (0–4), with scores of 0–1 and > 2 indicating low and high 

ortality risks, respectively. 

Various prediction models have emerged during the COVID- 

9 pandemic ( Brabrand et al., 2010 ), aiming to optimize patient 

tratification for potentially reducing morbidity and mortality. Such 

coring systems can only be used after rigorous validation (i.e., ex- 

ernal validation) in another population different from where they 

ere developed for reliability testing ( Brabrand et al., 2010 ). 

Our first aim of the study was to externally validate and recal- 

brate the CURB-65 and PSI in predicting CCI and 30-day mortal- 

ty in a highly multiethnic population. The second aim was to use 

ariables of PSI and CURB-65 to evaluate predictors of CCI amongst 

OVID-19 patients. 

ethods 

tudy design, setting, and data collection 

Our study is retrospective cross-sectional, including 1,181 pa- 

ients admitted to Hamad Medical Corporation (HMC), Doha, Qatar 

ue to a confirmed diagnosis of COVID-19 pneumonia. Patients 

ere admitted throughout the peak of the first wave of the COVID- 

9 pandemic in May 2020. HMC is one of the largest hospitals in 

he region, consisting of multiple facilities delivering medical care 

or Qatar’s whole population. Testing for SARS-CoV-2 is performed 

or individuals presenting with COVID-19 symptoms, those with 

eported contact with confirmed COVID-19 cases, and all travel- 

rs returning to the country. SARS-CoV-2 infection was diagnosed 

y either TaqPath COVID-19 Combo Kit (Thermo Fisher Scientific, 

altham, Massachusetts) or Cobas SARS-CoV-2 Test (Roche Di- 

gnostics, Rotkreuz, Switzerland) utilizing upper respiratory tract 

amples (throat and nasopharyngeal swabs). Testing for SARS-CoV- 

 was carried out at the HMC laboratory. 

Data was collected from CERNER Millennium electronic health- 

are system (Cerner Millennium, Kansas, USA). Our study was 

onducted following the recommendations of STrengthening the 

eporting of Observational Studies in Epidemiology (STROBE) 

 von Elm et al., 2014 ). Ethical approval was obtained from the Insti-

utional Review Board (IRB) at HMC Medical Research office (MRC- 

1-20-461). 

xternal validation of the PSI and CURB-65 scores 

External validation refers to the use of new datasets that were 

ot utilized to construct prediction models ( Altman and Roys- 

on, 20 0 0 , Steyerberg, 2019 ). Although the target population is 

atients with COVID-19 rather than CAP, both groups share sim- 

lar characteristics. We assessed the performance of the CURB- 

5 ( Lim et al., 2003 ) and PSI ( Fine et al., 1997 ) in predicting

eath within 30-days mortality as well as CCI in COVID-19 pa- 

ients. These models have been used to predict death within 30- 
109 
ays in CAP, with the former being recently tested in predicting 

CI ( Ilg et al., 2019 ). However, they were not designed to classify 

atients with COVID-19 pneumonia. For comparative analysis, we 

erformed recalibration of the PSI and CURB-65 via estimating new 

eta coefficients for all variables in each model in the full dataset. 

otential predictive variables of CCI 

We used the PSI and CURB-65 variables as potential predictors 

f severity. Data were collected for all the variables at admission, 

ncluding age, data on living in nursing or long-term care resi- 

ence, and history of comorbid conditions; cerebrovascular disease, 

enal disease, neoplastic disease, liver disease, congestive heart 

ailure (CHF). Physical measurements included oxygen saturation < 

0%, body temperature < 35 °C or > 39.9 °C, respiratory rate (RR) ≥
0 b/m, pulse rate ≥125 b/m, systolic blood pressure (SBP) < 90, 

iastolic blood pressure (DBP) ≤ 60, in addition to confusion or al- 

ered mental status. Imaging results included the presence of pul- 

onary effusion on chest radiography (CXR). Laboratory measures 

ere blood urea nitrogen (BUN) > 11, pH < 7.35, serum sodium < 

30, serum glucose ≥ 14 mmol/l, hematocrit < 30%, partial arte- 

ial oxygen pressure (PO 2 ) < 60. All the continuous variables were 

ummy coded for ease of clinical use. 

efinition of CCI 

The severity of COVID-19 (1 vs. 0) was defined as any of the fol- 

owing CCI: invasive or non-invasive mechanical ventilation, extra- 

orporeal membrane oxygenation (ECMO), and/or administration of 

asopressor and/or ionotropic medications, commencing assisted 

entilation, insertion of invasive catheters including central line 

nd/or arterial line, and/or renal replacement therapy. 

tatistical analysis 

Categorical variables were reported as n (%) and continuous 

ariables as median (IQR). Continuous variables were dummy 

oded as (0 vs. 1) in the regression analysis representing above and 

elow cut-off values. We recognize that this approach is often crit- 

cized, however; we believe it aids with rapid patient stratification, 

specially during the second wave of the pandemic at the time of 

he study (April 2021). 

ariable selection techniques 

Data were analyzed after a random 80/20 splitting into de- 

elopment and validation datasets, respectively. All 938 patients 

n the development dataset were included for variable selection. 

wenty one variables entered the Least Absolute Shrinkage and 

election Operator (LASSO) binary logistic regression using 10- 

old cross-validation for internal validation and lambda within one 

tandard error of the minimum ( λ.1se). LASSO is a machine learn- 

ng logistic regression that minimizes over-fitting and potential 

ollinearity between predictor variables, while shrinking coeffi- 

ients of the weakest variables to zero and therefore excluding 

hem from further analysis. Lasso regression was performed us- 

ng the R package “glmnet”, followed by regular variable-selection 

sing logistic regression. The β-coefficient of significant predictors 

as multiplied by 10 and rounded to the nearest integer. The opti- 

al cut-off (15) was derived from the optimal Youden index. Sub- 

equently, subjects with scores < 15 and > 15 were considered the 

ow and high-risk groups, respectively. 

achine Learning Analysis 

The other methodological approach used in this study was 

ased on more complex machine learning (ML) models using the 
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Figure 1. The patients’ multiethnic nature. 
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ame data splits and significant variables from the logistic regres- 

ion model to construct four ML models. These models included 

andom decision forest (RF), gradient boosting (XgBoost), along a 

eep learning neural network (DL). We used the same parameters 

tilized in LASSO for internal validation. The ML models were built 

sing R package “h2o” (version 3.32.0.5). 

ssessment of accuracy and precision 

Assessment of the accuracy of all the models externally vali- 

ated, recalibrated, and developed was conducted through the area 

nder the curve (AUC). In addition, the AUCs of the four sophisti- 

ated ML models were compared with the AUC values of the lo- 

istic regression analyses. Calibration (precision) of all the models 

as evaluated using calibration curves from the “rms” package in 

, and values of McKelvoy’s R 

2 , Brier score, calibration slope, in- 

ercept were generated using the 200 bootstrap approach to ac- 

ount for optimism. In addition, we performed the DeLong test 

 DeLong et al., 1988 ) for AUC comparative analysis. Statistical anal- 

sis was conducted using R software (version 4.0.4), with signifi- 

ance being accepted at p-value < 0.05. 
110 
esults 

atients’ characteristics 

A total of 1181 patients were included in this study, out of 

hich, 45 (3.8%) died within 30 days, and 229 (19.3%) underwent 

CI. Patients were 94.5% males between the ages of 19 and 87, me- 

ian age 43 (IQR: 35-53) while being from diverse nationalities. 

atients showed Multiethnic nature and the most common nation- 

lities were Bangladeshi, Indian, Nepalese, Pakistani, Filipino, Egyp- 

ian, Sri Lankan, Qatari; 26%, 22%, 19%, 8%, 6%, 5%, 4%, 3% of pa- 

ients in order ( figure 1 ). The median length of hospital stay was

 days (IQR: 4-15). Eighty-one (6.85%) patients had at least one 

omorbidity ( Table 1 and Table 2 ). Deceased patients were more 

ikely to be older, with CCI, with incident hypoxia, tachycardia, 

achypnea, and hypotension at admission along with the prolonged 

ength of hospital stay 20 days (IQR: 10-30) ( Table 1 ). 

Eight hundred eighty-nine (75.3%) patients had a CURB-65 score 

f 1, 207 (17.5%) had a score of 2, 57 (4.8%) had a score of 3, 20

1.7%) had a score of 4, and only 8 (0.7%) scored 5. Out of which,

3 (1.4%) died within 30-days in score 1, 10 (4.83%) in score 2, 14 

24.56%) in score 3, 3 (15%) in score 4, and 5 (68.5%) in score 5. On

he other hand, 944 patients (79.9%) were found to be in PSI class 

, 44 (3.7%) were in class II, 94 (8.0%) in class III, 60 (5.1%) in class

V, and 39 (3.3%) in class V. The mortality rate was 10 (22.2%) in 
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Figure 2. The receiver-operator characteristic (ROC) curve for PSI and CURB-65 in predicting 30-day mortality (A) and critical care intervention (CCI) (B). ROC curve for the 

recalibrated PSI and CURB-65 in predicting 30-day mortality (C). 
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lass I, 4.5% in class II, 7.4% in class III, 16.6% in class IV, and 41%

n class V ( Table 1 ). 

xternal validation of models predicting 30-day mortality 

Using the original points, we were able to calculate mortality 

cores for the CURB-65 and PSI in 1181 (100%) patients. Both mod- 

ls had a comparable performance, with AUCs 0.83 (95% CI 0.765- 

.901) and 0.78 (95% CI 0.703-0.855), respectively ( Figure 2 -A). The 

eLong test was insignificant with differences between the AUCs 
111 
0.05, p-value = 0.2232). However, the PSI showed a substantially 

etter calibration in predicting 30-day mortality (Table S1). 

xternal validation of models predicting CCI 

Using the original points, we were able to calculate CCI scores 

or the CURB-65 and PSI models in 1181 (100%) COVID patients. 

he CURB-65 proved better calibration metrics (Table S1) and bet- 

er overall accuracy, AUC 0.78 (95% CI 0.746-0.814) compared to 

he PSI 0.70 (95% CI 0.665-0.738) ( Figure 2 -B), with a significant 
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Figure 3. The receiver-operator characteristic (ROC) curve of predicting critical care intervention (CCI) among patients with COVID-19 in the training cohort (A) and the 

validation cohort (B). ROC curve for predicting T2DM using machine learning models. Deep learning (DL), gradient boosting machine (GBM), random forest (RF), XgBoost 

(XGB) (C). 

D

B

R

r

0

n

f

r

o

r

t

(

(

(

d

s

(

r

(

(

≥

eLong test (differences between the AUCs: 0.08, p-value < 0.001). 

oth models showed comparable calibration (Figure S1-C&D). 

ecalibration of models predicting 30-day mortality 

Recalibration of the CURB-65 and PSI models 30-day mortality 

esulted in significant improvement in the PSI accuracy with AUC 

.925 (95% 0.896-0.955) vs. 0.83 (95% CI 0.765-0.901) in the origi- 

al model ( Figure 2 -C), with excellent calibration (Figure S2-E). 

The DeLong test for the recalibrated models was significant (dif- 

erences between the AUCs: 0.14, p-value < 0.001). While the AUC 

emaining did not improve in the recalibrated CURB-65 model, we 

bserved an overall better calibration (Figure S2-F). Based on the 
(

112 
ecalibrated coefficients (Table S2), a formula was developed for 

he recalibrated PSI to calculate the risk of 30-day: 

Recalibrated PSI risk score = 10.19 − 0.075 × age 

years) + 1.862 × male − 9.542 × Nursing home resident 

yes) + 2.818 × Neoplastic disease (yes) − 3.207 × Liver disease 

yes) + 1.747 × History of CHF (yes) + 1.526 × Cerebrovascular 

isease (yes) + 0.841 × Renal disease (yes) + 1.247 × Confu- 

ion/altered mental status (yes) + 0.557 × Respiratory rate ≥30 

b/m) + 0.402 × SBP < 90 or DBP ≤ 60 (mmHg) − 1.419 × Pulse 

ate ≥125 (b/m) − 0.386 × Temperature < 35 °C or > 39.9 

 °C) − 0.194 × BUN ≥11 (mmol/L) + 0.588 × pH < 7.35 

yes) + 0.475 × Sodium < 130 (mmol/L) + 0.650 × Glucose 

14 (mmol/L) + 2.559 × Hematocrit < 30 + 1.188 × PO2 < 60 

mmHg) + 0.554 × Pleural effusion (yes). 
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Table 1 

Demographic, clinical features and laboratory measurements in COVID-19 patients with or without critical care intervention. 

Characteristic N Total N = 1,181 a Survivor N = 1,136 a Non-survivor N = 45 a p -value b 

Critical Care Intervention 1,181 < 0.0001 

Yes 221 (18.7%) 177 (15.6%) 44 (97.8%) 

No 960 (81.3%) 959 (84.4%) 1 (2.2%) 

Length of stay (days) 1,181 7 (4 −15) 6 (4 −14) 20 (10 −30) < 0.0001 

Age (years) 1,181 43 (35 −53) 42 (34 −52.00) 59 (52 −65) < 0.0001 

Gender (%) 1,181 0.509 

Male 1,072 (94.4%) 44 (97.8%) 

Female 64 (5.6%) 1 (2.2%) 

Nursing home resident 1,181 1 (0.1%) 0 (0.0%) - 

Neoplastic disease 1,181 7/1 (0.6%) 5 (11.1%) < 0.0001 

Liver disease 1,181 4 (0.4%) 1 (2.2%) 0.176 

History of CHF 1,181 7 (0.6%) 6 (13.3%) < 0.0001 

Cerebrovascular disease 1,181 16 (1.4%) 3 (6.7%) 0.032 

Renal disease 1,181 35 (3.1%) 12 (26.7%) < 0.0001 

Confusion/altered mental status 1,181 18 (1.6%) 6 (13.3%) < 0.0001 

Respiratory rate ≥30 b/m 1,181 166 (14.6%) 24 (53.3%) < 0.0001 

SBP < 90 mmHg or DBP ≤ 60 mmHg 1,181 66 (5.8%) 13 (28.9%) < 0.0001 

Pulse rate ≥125 b/m 1,181 76 (6.7%) 8 (17.8%) 0.011 

Temperature < 35 °C or > 39.9 °C 1,181 27 (2.4%) 7 (15.6%) < 0.0001 

Oxygen saturation % 1,181 97 (94 −98) 97 (95 −98) 93 (89 −96) < 0.0001 

BUN ≥11 mmol/L 1,181 1,093 (96.2%) 31 (68.9%) < 0.0001 

pH < 7.35 1,181 146 (12.9%) 20 (44.4%) < 0.0001 

Sodium < 130 mmol/L 1,181 49 (4.3%) 8 (17.8%) 0.001 

Glucose ≥14 mmol/L 1,181 138 (12.1%) 16 (35.6%) < 0.0001 

Hematocrit < 30% 1,181 19 (1.7%) 12 (26.7%) < 0.0001 

PO 2 < 60 mmHg 1,181 75 (6.6%) 19 (42.2%) < 0.0001 

Pleural effusion 1,181 102 (9.0%) 7 (15.6%) 0.180 

CURB-65 Groups 1,181 < 0.0001 

Score 0 0 (0%) 0 (0%) 0 (0%) 

Score 1 889 (75.3%) 876 (77.1%) 13 (28.9%) 

Score 2 207 (17.5%) 197 (17.3%) 10 (22.2%) 

Score 3 57 (4.8%) 43 (3.8%) 14 (31.1%) 

Score 4 20 (1.7%) 17 (1.5%) 3 (6.7%) 

Score 5 8 (0.7%) 3 (0.3%) 5 (11.1%) 

PSI Classes 1,181 < 0.0001 

Group I 944 (79.9%) 934 (82.2%) 10 (22.2%) 

Group II 44 (3.7%) 42 (3.7%) 2 (4.4%) 

Group III 94 (8.0%) 87 (7.7%) 7 (15.6%) 

Group IV 60 (5.1%) 50 (4.4%) 10 (22.2%) 

Group V 39 (3.3%) 23 (2.0%) 16 (35.6%) 

Abbreviations: CCI, critical care intervention; CHF, congestive heart failure; SBP, systolic blood pressure; DBP, diastolic blood pressure; 

BUN, blood urea nitrogen; PO 2 , partial pressure of oxygen. 
a Data is presented as n (%) or median (IQR). 
b p -values were obtained from Fisher’s exact test, Chi-square test, or Mann–Whitney U test. 
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ariable Selection for predicting CCI 

The LASSO selected 7/21 variables (shown in Table 3 ). Inclusion 

f the selected variables in logistic regression yielded 6 significant 

redictive variables of COVID-19 CCI and therefore constituted the 

isk score. This included RR ≥ 30 bpm (20 points), oxygen satu- 

ation < 90% (18 points), hematocrit < 30% (15 points), age > 55 

ears old (12 points), serum sodium < 130 mmol/l (10 points), and 

erum glucose ≥ 14 mmol/l (8 points) ( Table 3 ). 

omparison of logistic regression and complex ML models 

ROC curves of the 6 significant predictors of severe COVID-19 

tatus were generated from the complex ML models. The ML mod- 

ls’ performance in the validation cohorts was similar to the re- 

ression model ( Figure 3 -A&B) with AUC = 0.826 for DL, AUC = 0.832

or GBM, AUC = 0.828 for RF, and AUC = 0.829 for XGB ( Figure 3 -C). 

iscussion 

To our knowledge, the CURB-65 and PSI have not been used or 

ecalibrated to assess mortality in COVID-19 patients among mul- 

icultural populations from different countries living in Qatar, Mid- 

le East. This study utilizes these common tools in risk stratify- 
113 
ng patients with community-acquired pneumonia (CAP) in this di- 

erse population group. 

Qatar is an Arab state on the Qatar Peninsula with a heavy male 

redominance and females representing only 25% of the total pop- 

lation due to the high flow of male laborers. The population has 

ripled in the past 10 years up to 2011, with Qatari locals repre- 

enting < 15% of the whole population. This is followed by other 

rab nationalities (13%), Indian (24%), Nepali (16%), Filipino (11%), 

angladeshi (5%) and Sri Lankans (5%) . 

The CURB-65 and the PSI can reliably predict the mortality of 

n-patients with CAP. Previously, these tools have been used to as- 

ess CAP’s mortality, but they have not been used to assess mor- 

ality in COVID19 patients amongst multicultural populations from 

ifferent countries living in Qatar, Middle East. In this study, we 

ssessed, recalibrated, and modified the PSI and CURB-65 as prog- 

ostic scoring mechanisms in the prediction of 30-day mortality 

nd CCI. 

Although 30-day mortality (3.8%) in our study was lower than 

ecent reports ( Artero et al., 2021 ), our findings have shown that 

1% and 68.8% of our sample underwent CCI after admission to ICU 

ith COVID-19 pneumonia. The CURB-65 and PSI scores were 1–2 

nd 1-3, respectively, with a relatively high need for CCI (18.7%), 

ence the need for clinical models for COVID-19 pneumonia based 

n other outcomes modified by in-patient care as compared to 
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Table 2 

Demographic, clinical features and laboratory measurements among COVID-19 patients based on survival and 30-day mor- 

tality 

Characteristic N Total N = 1181 a Non-CCI N = 960 a CCI N = 221 a p -value b 

Survival 1,181 < 0.0001 

Survivor 959 (99.9%) 177 (80.1%) 

Non-survivor 1 (0.1%) 44 (19.9%) 

Length of stay (days) 1,181 7 (4 −15) 5 (3 −9) 22 (16 −30) < 0.0001 

Age (years) 1,181 43 (35 −53) 41 (34 −50) 52 (41 −61) < 0.0001 

Gender (%) 1,181 0.025 

Male 914 (95.2%) 202 (91.4%) 

Female 46 (4.8%) 19 (8.6%) 

Nursing home resident 1,181 0.187 

Neoplastic disease 1,181 5 (0.5%) 7 (3.2%) 0.002 

Liver disease 1,181 4 (0.4%) 1 (0.5%) 1 

History of CHF 1,181 3 (0.3%) 10 (4.5%) < 0.0001 

Cerebrovascular disease 1,181 11 (1.1%) 8 (3.6%) 0.015 

Renal disease 1,181 19 (2.0%) 28 (12.7%) < 0.0001 

Confusion / altered mental status 1,181 10 (1.0%) 14 (6.3%) < 0.0001 

Respiratory rate ≥30 b/m 1,181 72 (7.5%) 118 (53.4%) < 0.0001 

SBP < 90 mmHg or DBP ≤ 60 mmHg 1,181 38 (4.0%) 41 (18.6%) < 0.0001 

Pulse rate ≥125 b/m 1,181 47 (4.9%) 37 (16.7%) < 0.0001 

Temperature < 35 °C or > 39.9 °C 1,181 15 (1.6%) 19 (8.6%) < 0.0001 

Oxygen saturation % 1,181 97 (94 −98) 97 (95 −98) 93 (89 −96) < 0.0001 

BUN ≥11 mmol/L 1,181 15 (1.6%) 42 (19.0%) < 0.0001 

pH < 7.35 1,181 105 (10.9%) 61 (27.6%) < 0.0001 

Sodium < 130 mmol/L 1,181 30 (3.1%) 27 (12.2%) < 0.0001 

Glucose ≥14 mmol/L 1,181 87 (9.1%) 67 (30.3%) < 0.0001 

Hematocrit < 30% 1,181 11 (1.1%) 20 (9.0%) < 0.0001 

PO 2 < 60 mmHg 1,181 24 (2.5%) 70 (31.7%) < 0.0001 

Pleural effusion 1,181 76 (7.9%) 33 (14.9%) 0.001 

CURB-65 Classes 1,181 < 0.0001 

Score 0 0 (0%) 0 (0%) 0 (0%) 

Score 1 889 (75.3%) 818 (85.2%) 71 (32.1%) 

Score 2 207 (17.5%) 121 (12.6%) 86 (38.9%) 

Score 3 57 (4.8%) 18 (1.9%) 39 (17.6%) 

Score 4 20 (1.7%) 3 (0.3%) 17 (7.7%) 

Score 5 8 (0.7%) 0 (0%) 8 (3.6%) 

PSI Classes 1181 < 0.0001 

Group I 944 (79.9%) 834 (86.9) 110 (49.8%) 

Group II 44 (3.7%) 36 (3.8%) 8 (3.6%) 

Group III 94 (8.0%) 60 (6.2%) 34 (15.4%) 

Group IV 60 (5.1%) 25 (2.6%) 35 (15.8%) 

Group V 39 (3.3%) 5 (0.5%) 34 (15.4%) 

Abbreviations: CCI, critical care intervention; CHF, congestive heart failure; SBP, systolic blood pressure; DBP, diastolic blood 

pressure; BUN, blood urea nitrogen; PO 2 , partial pressure of oxygen. 
a Data is presented as n (%) or median (IQR) 
b p -values were obtained from Fisher’s exact test, Chi-square test or Mann–Whitney U test. 
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ortality. Therefore, we performed variable selection using LASSO 

nd logistic regression on all the CURB-65 and PSI variables to pre- 

ict CCI, with only 6/21 significant including RR ≥ 30 bpm, O2 sat- 

ration < 90%, hematocrit < 30%, age > 55 years old, serum sodium 

 130 mmol/l, and serum glucose ≥ 14 mmol/l. The model showed 

etter accuracy and calibration compared to the PSI and CURB-65 

cores. 

While many studies showed the PSI and CURB-65 systems to be 

eneficial in the assessment of COVID-19 severity and good predic- 

ors of mortality, some found other scoring systems better. SCAP 

core (Severe Community-Acquired Pneumonia) was found to be 

 more accurate marker of 14-day mortality ( Anurag and Pree- 

am, 2021 ). Another cohort found the COVID-GRAM score as the 

referred means to identify patients with higher mortality with 

neumonia caused by SARS-CoV-2 ( Esteban Ronda et al., 2021 ). 

Another cohort used NEWS2 (National Early Warning Score 2) 

nd found it to be more beneficial than SIRS and qSOFA but not 

s predictive as CURB-65 and PSI ( Holten et al., 2020 ). Yet another

tudy found A-DROP, a modified version of CURB-65, to be supe- 

ior in predicting in-hospital death compared to other widely used 

AP-specific tools ( Fan et al., 2020 ). 

External validation was essential in other cohorts as well as this 

ne since it was expected that newer scoring systems outperform 
114 
lder ones ( Neto et al., 2021 ). PSI and CURB-65 have been used 

or risk stratification and prognostic assessment in patients with 

OVID-19 previously ( Wang et al., 2020 ). 

In our cohort, the PSI and CURB-65 performed similarly to other 

tudies on CAP ( Ahnert et al., 2019 , Asai et al., 2019 , George et al.,

019 ). Notwithstanding its implications, two limitations in this 

tudy are important to point out, including its retrospective design 

nd the heavily male predominance. However, the lack of missing 

ata and the robust methodological approach, and Qatar’s mul- 

iethnic and diverse population represented by a relatively large 

ample with a wide age group made this study unique, account- 

ng for the lack of population diversity in other similar studies 

 Artero et al., 2021 ). External validation proved that well-respected 

coring systems such as CURB-65 and PSI lend credence to pre- 

ictability and prognostic value in treating patients with COVID- 

9. Further studies are needed to evaluate the model developed in 

arger cohorts along with testing the validity of the CURB-65 and 

SI in predicting CCI. Authors worldwide are encouraged to share 

ata and collaborate in order to develop robust clinical models that 

an aid with clinical decisions while avoiding issues arising from 

ntroducing bias and overfitting ( Wynants et al., 2020 ). 
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Table 3 

Variable selection using the Least Absolute Shrinkage and Selection Operator (LASSO) followed by 

logistic regression. 

Variable LASSO Logistic regression 

Odds ratio (95% CI) P value Score 

Age > 55 selected 3.18 (2.02 −4.97) < .001 12 

Gender - - - - 

Male - - - - 

Female - - - - 

Nursing home resident - - - - 

Neoplastic disease - - - - 

Liver disease - - - - 

History of CHF - - - - 

Cerebrovascular disease - - - - 

Renal disease - - - - 

Confusion/altered mental status - - - - 

Respiratory rate ≥30 b/m selected 7.41 (4.60 −11.97) < .001 20 

SBP < 90 mmHg or DBP ≤ 60 mmHg - - - - 

Pulse rate ≥125 b/m - - - - 

Temperature < 35 °C or > 39.9 °C - - - - 

BUN ≥11 mmol/L selected - - - 

pH < 7.35 - - - - 

Sodium < 130 mmol/L selected 2.84 (1.23 −6.41) .01 10 

Glucose ≥14 mmol/L selected 2.18 (1.28 −3.69) .003 8 

Hematocrit < 30% selected 4.68 (1.42 −15.81) .01 15 

PO 2 < 60 mmHg - 

Oxygen saturation < 90% selected 5.95 (2.64 −14.27) < .001 18 

Pleural effusion a - 

a Pleural effusion excluded from entering the analysis, while oxygen saturation was used as a 

substitute to simplify the score. 
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