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Introduction: The coronavirus disease 2019 (COVID-19) pandemic resulted 
in significant global mortality and morbidity, with emerging mutant strains 
continuing to potentially precipitate severe respiratory illness. Two clinical 
assessment tools, namely, the COVID-19 Risk of Complications Score (CRS), 
based on 13 comorbidities, and the ALKA (age, lactate dehydrogenase, kidney 
function, and albumin) score have been developed to predict disease severity 
among patients who are symptomatic at presentation. This study aimed to 
compare the performance of these two risk-scoring systems in predicting 
hospital admission, critical illness, and mortality.
Methods: This retrospective study included 368 patients diagnosed with 
COVID-19 at SEHA hospitals in Al Ain over a six-month period. The CRS and 
ALKA scores were calculated to predict hospital admission, critical illness, and 
mortality. Predictive ability was assessed using receiver operating characteristic 
(ROC) curve analysis. Odds ratios (ORs) were calculated to assess the risk of 
hospital admission, critical illness, and mortality.
Results: The mean age of the patients was 51 ± 19.42 years, and 145 (39.4%) of 
them were male. Among the patients, 162 required inpatient care, 13 required 
invasive ventilation, and the mortality rate was 4.9% (eight patients). ROC 
analysis revealed that ALKA outperformed CRS in predicting hospital admission 
(ALKA area under the curve [AUC] 0.79 vs. CRS AUC 0.71), critical illness (ALKA 
AUC 0.76 vs. CRS AUC 0.67), and mortality (ALKA AUC 0.96 vs. CRS AUC 0.82). 
The OR for ALKA outperformed CRS in predicting hospital admission (ALKA 3.12 
vs. CRS 1.12), critical illness (ALKA 2.9 vs. CRS 2.01), and mortality (ALKA 6.25 vs. 
CRS 1.1).
Conclusion: Our study demonstrated that ALKA score outperforms CRS in 
predicting hospital admission, critical illness, and mortality among patients with 
symptomatic COVID-19 at initial presentation. Further external validation of both 
tools is required to assess their effectiveness in different healthcare settings.
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1 Introduction

The novel coronavirus disease 2019 (COVID-19) emerged in 
Wuhan, China, in December 2019 and rapidly spread worldwide (1). 
During the 2020–2021 pandemic, COVID-19 became the third 
leading cause of death following cardiovascular disease and cancer (2). 
Despite widespread vaccination, COVID-19 continues to persist as an 
endemic disease, with small recurrent outbreaks that may lead to 
severe complications (3). Although COVID-19 infections are typically 
mild, the risk of severe illness and death is significantly higher in older 
adults and those with comorbidities, such as hypertension, diabetes, 
and chronic obstructive pulmonary disease (COPD) (4).

Although many risk assessment tools are employed in clinical 
practice to triage patients with COVID-19 infection at initial 
assessment, the COVID-19 Risk of Complications Score (CRS) is one 
of the most established risk assessment tools in the United States of 
America (USA) (5). The CRS is calculated based on patients’ 
demographic and multiple clinical risk factors (6). Despite its promise 
in predicting complications, CRS has several limitations. First, it 
incorporates several different morbidity risk factors, rendering it 
potentially cumbersome to apply in routine clinical practice during 
the initial assessment, especially in resource-limited contexts where 
the electronic health record (EHR) system may not be readily available 
or fully integrated. Second, this score has limited generalisability due 
to the lack of external validation, which restricts its applicability across 
diverse patient populations and settings (7).

Point-of-care assessment tools play a crucial role in guiding 
patient management decisions (8). Therefore, the importance of a 
simple, valid, and practical clinical assessment tool at the time of 
diagnosis cannot be overstated. Such a tool is critical for effective 
patient triage, timely initiation of supportive and therapeutic care, and 
the optimal use of healthcare resources.

Our group has developed the ALKA score, a simple tool to predict 
COVID-19 complications, using four variables: age, lactate 
dehydrogenase (LDH), kidney function, and albumin (9). Unlike 
other risk assessment tools that rely on potentially inaccurate clinical 
histories or comorbidities, age is a clinical parameter that is both 
readily available and reliable as a predictor of disease severity. This tool 
utilises these four variables to categorise patients into three risk 
categories based on their likelihood of progressing to a critical illness. 
This study aimed to validate the performance of the ALKA score and 
CRS in risk-stratifying patients with COVID-19 at the initial 
diagnosis. Specifically, we assessed the diagnostic accuracy of both 
scoring systems in predicting key patient outcomes, need for hospital 
admission, and risk of progression to critical illness and death.

2 Materials and methods

2.1 Participants and study design

A consecutive sampling method was used at SEHA hospitals 
(Tawam Hospital and Al Ain Hospital), the two primary hospitals 
in Al Ain city, Abu Dhabi, United Arab Emirates, designated for 
treating COVID-19 patients. A total of 595 patients with suspected 
COVID-19 symptoms presented to the Emergency Departments 
(EDs) of these two hospitals between November 27, 2022, and May 
24, 2023. As illustrated in Figure 1, eight patients under the age of 

17 were excluded. Among the remaining patients, 368 adults (145 
males and 223 females) were confirmed to have COVID-19 and 
were included in the final analysis. As these hospitals were the sole 
COVID-19 treatment centres in the region, all patients were directly 
referred to these two facilities. Confirmation of positive COVID-19 
results was based on real-time reverse transcription-polymerase 
chain reaction assays of nasopharyngeal swab specimens 
(AllplexTM 2019-nCoV Assay, Seegene Inc., Seoul, Republic 
of Korea).

The decision to admit the patient was based on the clinical 
judgement of the treating physicians based on the severity of 
clinical illness using a combination of clinical and radiological 
evaluations along with CRS, as outlined by Halalau et al. (5). The 
ALKA score was applied retrospectively and did not influence 
clinical decision-making at the time. The data for this study was 
collected by a different group of investigators than those who 
originally developed the ALKA score. This approach supports 
evaluation in a real-world clinical context and helps reduce the 
potential for investigator bias, offering a more independent 
assessment of the score’s performance. In accordance with the Abu 
Dhabi Department of Health guidelines, all high-risk patients were 
treated with sotrovimab (monoclonal antibodies) irrespective of 
their symptoms. Additionally, patients who were symptomatically 
high-risk, had low oxygen saturation, and had radiological evidence 
of pneumonia received antiviral therapy in combination with 
sotrovimab (10).

2.2 Data collection

Data from the EHR were collected using a standardised data 
collection tool. Patient demographics, medical history, laboratory 
biomarkers, and outcomes were documented and analysed. At initial 
presentation to the Emergency Department, blood samples were 
collected from all patients with suspected COVID-19 in accordance 
with hospital protocol. The blood samples were routinely analysed for 
key laboratory parameters, including serum LDH, serum albumin, 
and eGFR. Best practices to minimise the missing data were followed 
during data collection and the blood samples were stored in the 
hospital laboratory for potential future retesting for the missing 
laboratory data (11). This process ensured a complete dataset for all 
included patients, and therefore a complete dataset was obtained for 
all recruited patients, and the analysis was conducted on 
complete dataset.

Data on ventilatory support requirements, admission to intensive 
care unit (ICU), discharge, and death were recorded. Comorbidities 
were identified based on the medical history, previous visits or at the 
time of presentation. Obesity was defined as a body mass index ≥ 30 
and was calculated as weight in kilograms divided by height in meters 
squared. The data were stored in a password-protected file, and the 
identities of patients were kept anonymous.

2.3 Ethical approval

This study was approved by the Department of Health Ethical 
Committee and the requirement for written informed consent was 
waived (DOH/CVDC/2022/1464).
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2.4 Calculation of risk scores

2.4.1 CRS
CRS is scored based on age, sex, and presence of comorbidities, 

including coronary artery disease, congenital heart disease, 
congestive heart failure, end-stage renal disease, end-stage liver 
disease, COPD, diabetes, hypertension, obesity, pregnancy status, 
and immunocompromised status. The maximum score is 15, and 
each of the 13 reported items receives 1 point if present, apart from 
age, at which a patient may receive 0–3 points. Thereafter, the total 
score is categorised into the following three risk groups: low (green, 
score 0–2), intermediate (yellow, score 3–5), and high (red, 
score 6–15).

2.4.2 ALKA
As elucidated by Kurban et al. (9) the ALKA score was calculated 

by incorporating the patients’ age, serum LDH, serum albumin, and 
eGFR. Based on the critical illness probability, the score was divided 
into the following three categories: low (less than 5% risk), moderate 
(5–10%), and high (greater than 10%). Of note, the ALKA score does 
not require a detailed medical history or a comprehensive list of 
comorbidities, making it a practical tool for early risk assessment.

2.5 Outcomes

The primary outcome of interest was progression to critical illness. 
The secondary outcomes were the need for hospital admission and 
all-cause mortality. Critical illness was defined based on the Chinese 
management guidelines for COVID-19 as a severe condition 
encompassing outcomes such as death, septic shock, or respiratory 
failure requiring invasive or non-invasive ventilatory support (9, 12).

2.6 Statistical analysis

With an expected disease prevalence of 5%, C-statistic of 0.8, and 
95% confidence interval, the required sample size was estimated to 
be 308 patients. Additionally, a similar sample size has been deemed 
adequate for external validation of prognostic models predicting 
adverse outcomes in COVID-19 patients, as supported by a recently 
published meta-analysis (13–16).

The quantitative variables were reported as medians and ranges. 
Categorical variables were presented as frequencies and proportions. 
Discrimination was evaluated using C-statistics, along with the 
corresponding 95% confidence intervals and receiver operating 

FIGURE 1

Flowchart of patient selection. ED, Emergency Department.
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characteristic (ROC) curve. AUC was computed using the 
trapezoidal rule, a numerical integration method, in SPSS 
programme. C-statistics below 0.6, between 0.6–0.7, above 0.7, and 
above 0.8 were considered to represent poor, moderate, good, and 
excellent quality, respectively. Crosstabs were generated for each 
risk stratification score by comparing the predicted risk categories 
(low, moderate, and high) with observed clinical outcomes, 
including hospital admission, critical illness, and mortality. The 
Youden index was used to determine the optimal cut-off point that 
maximised both sensitivity and specificity. Statistical comparison 
of the AUCs was performed using MedCalc software and the 
DeLong test (17). We evaluated the calibration of the ALKA and 
CRS models for predicting the three outcomes using the Hosmer-
Lemeshow test. Model fit was assessed with the likelihood ratio, 
chi-square (χ2) statistic, and explained variance was measured by 
Nagelkerke’s R2.

The Pearson Chi-Square test was used to determine whether a 
significant association existed between the risk categories and 
outcomes. To adjust for multiple comparisons, a Bonferroni 
correction was applied. Bonferroni-adjusted standardized residuals 
were calculated to evaluate significance across outcome groups. 
Additionally, the likelihood ratio was included to further assess 
potential linear trends across the risk groups. To provide a more 
comprehensive evaluation of the relationship between the risk 
scores and clinical outcomes, the odds ratio (OR) was calculated 
using univariate logistic regression analysis for each outcome, 
allowing for an assessment of the strength of the association between 
the risk categories and the likelihood of adverse events. 
We performed a post hoc power analysis for mortality outcome by 
grouping ALKA and CRS scores into high-risk versus non-high risk 
(which included low and intermediate risk groups). Power 
calculations were done using the online tool ClinCalc with an alpha 
level of 0.05 (18). p-values < 0.05 were considered as significant. All 
analyses were performed using the IBM SPSS software (version 27, 
Chicago, IL, USA).

3 Results

This study included 368 patients, with a mean age of 
51 ± 19.42 years. The study cohort comprised 145 males and 223 
females. Of these, 202 patients did not require hospital admission, 
whereas 162 were hospitalised. Among those who were hospitalised, 
six were transferred to the ICU. The mean hospital stay was 
6 ± 6.7 days for patients admitted to the general ward and 
14.6 ± 19.6 days for those admitted to the ICU. Furthermore, 13 
patients required invasive ventilation, and eight deaths were recorded.

Of the 368 patients, 122 (33.1%) patients had diabetes, 140 
(38.0%) had hypertension, 66 (17.9%) had asthma or COPD, 23 
(6.3%) had congestive heart failure, 15 (4.1%) had coronary artery 
disease, 13 (3.5%) had chronic kidney disease, 13 (3.5%) had end-stage 
renal disease, 2 (0.5%) had liver disease, 4 (1.1%) were 
immunocompromised, and 5 (1.4%) were pregnant. Overall, 164 
patients were classified as high-risk according to the Department of 
Health guidelines and received sotrovimab treatment. Of these, 4 
patients developed critical illness, and 1 patient died. In the subgroup 
of 63 patients without comorbid risk factors, 10 patients were admitted 
to the hospital. However, none of the patients developed critical illness 
or died.

3.1 Diagnostic accuracy of CRS and ALKA 
for predicting hospital admission, critical 
illness, and mortality

The diagnostic performance of CRS and ALKA scores in 
predicting key clinical outcomes, namely, hospital admission, critical 
illness, and death were assessed using ROC curve analysis.

For hospital admission, as shown in Figure 2, ALKA score had an 
area under the curve (AUC) of 0.79 (95% CI: 0.74–0.84), while CRS had 
an AUC of 0.71 (95% CI: 0.66–0.77). The difference between the two 
AUCs was 0.0723 (95% CI, 0.029–0.115) with a p-value < 0.01. An 

FIGURE 2

Receiver operating characteristic (ROC) curve comparing the predictive performance of the ALKA score and CRS for hospital admission in COVID-19 
patients. The ALKA score demonstrated a higher area under the curve (AUC) of 0.79 (95% CI: 0.74–0.84), indicating superior predictive accuracy, 
whereas the CRS showed a lower AUC of 0.71 (95% CI: 0.66–0.77).
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ALKA cut-off point of 7.7%, at a maximum Youden index of 0.45, had 
a sensitivity of 71% and specificity of 75% in predicting admission, with 
a false positive rate (FPR) of 25% and a false negative rate (FNR) of 
29%. A CRS cut-off point of 2.5, at a maximum Youden index of 0.32, 
showed a sensitivity of 64% and specificity of 68% for admission 
prediction, with a FPR of 32% and an FNR of 36%. Calibration analysis 
demonstrated that both ALKA and CRS performed well for prediction 
of admission, with Hosmer-Lemeshow p = 0.190 and 0.723, respectively. 
ALKA had stronger model fit (χ2 = 114.2, p < 0.01 vs. 52.6, p < 0.01) 
and explained more variance (Nagelkerke R2 = 0.362 vs. 0.181).

Regarding critical illness, Figure 3 presents an AUC of 0.76 (95% 
CI: 0.59–0.93) for the ALKA score, while the CRS exhibits an AUC of 
0.67 (95% CI: 0.54–0.80). The difference between the two AUCs was 
0.0875 (95% CI: −0.051-0.226) with a p-value = 0.21. An ALKA cut-off 
point of 18.3%, corresponding to a maximum Youden index of 0.49, 
demonstrated a sensitivity of 69% and a specificity of 80% in predicting 
critical illness, and resulted in a false positive rate (FPR) of 20% and a 
false negative rate (FNR) of 31%. In comparison, a CRS cut-off point at 
its maximum Youden index of 0.26 attained a sensitivity of 69% and a 
specificity of 57%, with an FPR of 43% and an FNR of 31%. Both 
models showed good calibration for predicting critical illness, with 
Hosmer-Lemeshow p-values of 0.468 and 0.903, and chi-square 
statistics of 9.176 (p < 0.01) and 3.721 (p = 0.054), respectively. ALKA 
showed better discriminative performance with a model chi-square of 
9.176 (p < 0.01) versus 3.721 (p = 0.054) for CRS. Variance explained 
was higher for ALKA (Nagelkerke R2 = 0.094) compared to CRS (0.038).

For death outcomes, ALKA score achieved an AUC of 0.96 (95% 
CI: 0.94–0.99), while CRS demonstrated an AUC of 0.82 (95% CI: 
0.74–0.91) (Figure 4). The difference between the two AUCs was 0.141 
(95% CI: 0.053–0.229) with a p-value < 0.01. With a maximum 
Youden index of 0.92, ALKA cut-off point of 36.2% achieved a 
sensitivity of 100% and a specificity of 92% for predicting mortality, 
leading to a false positive rate (FPR) of 8% and a false negative rate 
(FNR) of 0%. In contrast, a CRS cut-off point of 3.5, at its peak Youden 
index of 0.56, demonstrated a sensitivity of 86% and a specificity of 
71%, with an FPR of 29% and an FNR of 14%. Both ALKA and CRS 
models were well calibrated for predicting death (Hosmer-Lemeshow 

p = 0.996 and 0.726, respectively). ALKA had stronger model fit 
(χ2 = 32.210, p < 0.01 vs. 7.619, p < 0.01) and explained more variance 
(Nagelkerke R2 = 0.488 vs. 0.119).

ALKA outperformed CRS in predicting both hospital admission 
and in-hospital mortality. The difference in AUC between the two 
models was 0.072 for admission and 0.141 for mortality, both of which 
were statistically significant (p  < 0.01). This indicates that ALKA 
provided a modest but meaningful improvement in discriminative 
ability for admission and a more substantial improvement for 
predicting death. No significant difference was observed between the 
models for predicting critical illness.

3.2 Distribution of patient outcomes by risk 
category

The patients were classified into three risk categories (low, 
intermediate, and high) based on their CRS and ALKA scores. Table 1 
summarises the distribution of hospital admission, critical illness, and 
death outcomes for each risk group.

For CRS score, among the 203 patients in the low-risk (green) 
group, only 4 patients (1.97%) developed critical illness, and no 
patients died. In the intermediate-risk (yellow) group (135 patients), 
7 patients (5.19%) progressed to critical illness, and 5 patients died. In 
the high-risk (red) group (30 patients), 2 patients (6.67%) developed 
critical illness, and both patients died.

In the ALKA score system, the low-risk group included 169 
patients, with only 2 (1.18%) progressed to critical illness and there 
were no deaths. In the intermediate-risk group (69 patients), 1 patient 
(1.45%) developed critical illness, but no deaths were reported. 
Among the 130 high-risk patients, 10 (7.69%) developed critical 
illness, and 7 of them died.

Notably, of the 13 patients who developed critical illness, 77% 
were classified as severe by the ALKA score, compared with only 15% 
by the CRS. Additionally, all 7 patients who died were classified as 
severe at presentation by the ALKA score, whereas only 27% were 
categorised as severe by the CRS.

FIGURE 3

Receiver operating characteristic (ROC) curve comparing the CRS and ALKA scores in predicting critical illness in COVID-19 patients. The ALKA score 
demonstrated a higher area under the curve (AUC) of 0.763 (95% CI: 0.59–0.93) compared to CRS with an AUC of 0.675 (95% CI: 0.54–0.80).
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3.3 Statistical associations between risk 
scores and outcomes

The relationships between the CRS and ALKA scores and key 
clinical outcomes, namely, hospital admission, critical illness, and 
deaths, were examined using Pearson’s chi-square and likelihood ratio 
tests. The results are summarised below, with the corresponding ORs 
for each outcome offering additional insights into the strength of these 
associations, as indicated in Table 2.

3.4 Admission

Both the CRS and ALKA scores were significantly associated with 
hospital admission outcomes. Chi-square analysis revealed a 
significant association between CRS score and hospital admission 
(χ2 = 39.47, p < 0.01) as well as between ALKA score and hospital 

admission (χ2 = 78.16, p < 0.01). The likelihood ratio test also showed 
a significant association for both ALKA (χ2 = 80.32, p < 0.01) and CRS 
scores (χ2 = 39.85, p < 0.01). In terms of predictive strength, the OR 
for CRS was 1.12 (95% CI: 1.08–1.15, p < 0.001), while the ALKA 
score had an OR of 3.12 (95% CI: 2.38–4.09, p < 0.001).

3.5 Critical illness

ALKA score was significantly associated with critical illness 
(χ2 = 10.21, p < 0.01), while the CRS score showed a non-significant 
association (χ2 = 3.4, p = 0.18). The likelihood ratio test yielded similar 
findings, with a non-significant result for the CRS (3.36, p = 0.18) and 
a significant result for the ALKA score (9.77, p < 0.01). The OR for 
ALKA score in predicting critical illness was 2.90 (95% CI: 1.31–6.43). 
In comparison, CRS had an OR of 2.01 (95% CI: 0.92–4.36), which 
was not statistically significant (p = 0.07).

FIGURE 4

Receiver operating characteristic (ROC) curves for the prediction of death in COVID-19 patients using the CRS and ALKA scores. The ALKA score 
demonstrated excellent predictive performance with an area under the curve (AUC) of 0.966 (95% CI: 0.94–0.99). By comparison, the CRS showed 
lower predictive accuracy with an AUC of 0.82 (95% CI: 0.74–0.91).

TABLE 1  The table presents the number of events (admission, critical illness and death) for each risk category (low, intermediate, and high) in CRS and 
ALKA scoring systems.

Risk category Total cases Admissions Critical illness Deceased Alive

CRS scoring system

Green: Low Risk 203 52 4 0 203

Yellow: Intermediate Risk 135 70 7 5 130

Red: High Risk 30 22 2 2 28

Odds Ratio (95% CI) 1.12 (1.08–1.15) 2.01 (0.92–4.36) 1.1 (1.05–1.15)

p-value* 0.00038 1.90, ns 0.27, ns

ALKA scoring system

Green: Low Risk 169 31 2 0 169

Yellow: Intermediate Risk 69 24 1 0 69

Red: High Risk 130 89 10 7 123

Odds Ratio (95% CI) 3.12 (2.38–4.09) 2.90 (1.31–6.43) 6.25 (1.11–35.25)

p-value* <0.0001 0.00825 0.0019

*Bonferroni adjust p value, ns = non-significant.
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3.6 Death events

Both the CRS and ALKA scores were significantly associated with 
mortality (CRS: χ2 = 9.93, p < 0.01; ALKA: χ2 = 13.06, p < 0.01), with 
likelihood ratio tests confirming these findings (Table 2). The OR for 
CRS was 1.1 (95% CI: 1.05–1.15), while the OR for ALKA was 6.25 
(95% CI: 1.11–35.25). A post hoc power analysis showed that the 
comparison of mortality rates using the ALKA score, with 5.4% 
mortality in the high-risk group and 0% in the non-high-risk group, 
had a statistical power of 89.4% at a significance level of 0.05. In 
contrast, the CRS score comparison, with mortality rates of 6.7 and 
2.1% respectively, had a power of 39.8%.

4 Discussion

While most patients with COVID-19 experience mild illness, a 
significant proportion deteriorate and require hospitalisation and 
intensive care, which underscores the urgent need for a reliable point-
of-care clinical assessment tool to enhance patient triage. Such a tool 
would allow healthcare providers to identify patients who require 
more intensive intervention in a timely manner, promptly deliver the 
necessary care, and optimise the allocation of limited healthcare 
resources, ultimately improving patient outcomes.

Many prognostic scoring systems have been developed to predict 
disease severity and outcomes in COVID-19 patients (19–30). 
However, most were designed for hospitalized patients to assist clinical 
decisions such as ICU admission. For example, the ISARIC 4C 
Mortality Score, one of the most extensively validated models, 
performs well in predicting in-hospital mortality (31). Likewise, the 
CALL score, 4C Deterioration Score, and COVID-GRAM incorporate 
clinical and laboratory variables to forecast severe disease progression 
and early deterioration during hospitalization (32–34). While these 
tools are useful for inpatient management, their utility for early risk 
stratification at initial presentation remains uncertain and requires 
further evaluation.

Given these limitations, there is increasing interest in 
prognostic tools tailored for early triage in the emergency 
department. Common early warning scores such as NEWS2 and 
qSOFA have been widely used, but their shortcomings in the 
COVID-19 context are well documented (27, 28, 34, 35). NEWS2, 
although commonly applied to detect deterioration in hospitalized 
patients, lacks specificity for COVID-19 and may lead to over-triage 
of patients with other acute illnesses (26). Similarly, qSOFA has 
demonstrated poor predictive accuracy in COVID-19 cases (25). 
To address this gap, COVID-19 specific scores like PRIEST, RECAP, 
and CovHos have been introduced to enhance early risk 

stratification (27–30). The PRIEST score expands on NEWS2 by 
including demographic data and clinical frailty; however, the 
subjective nature of frailty assessment limits its broad 
applicability (30).

Recent systematic reviews and meta-analyses have identified 
significant limitations in many COVID-19 prediction models. For 
example, Buttia et al. (7) reviewed 353 prognostic models and reported 
widespread methodological issues, including high risk of bias, lack of 
external validation, inadequate handling of missing data, inconsistent 
definitions of severity and poor generalizability across diverse 
populations and healthcare environments.

The CRS scoring system, developed and validated by patients in 
the USA, has been mandated by the Abu Dhabi Department of Health 
as a risk stratification tool to assess COVID-19 patients and determine 
their eligibility for treatment with specific COVID-19 medications. 
Developed from a large cohort of patients in the USA, CRS is an 
externally validated scoring system, although it has some limitations 
(5). It utilises 13 distinct risk factors to predict hospital admission and 
mortality. However, the inclusion of multiple risk factors adds 
complexity, rendering CRS time-consuming and cumbersome for 
routine clinical use if the integrated EHR system is not accessible at 
the time of initial assessment. Moreover, no specific weights have been 
assigned to the individual risk factors included in CRS, raising 
concerns regarding the generalisability of CRS validity across diverse 
patient populations. While the ALKA assessment tool utilises four 
simple, easily available, initial clinical, and laboratory parameters, it 
predicts the risk of COVID-19 complications with an accuracy 
comparable to that of the CRS scoring system. ALKA streamlines the 
prognostic assessment process of COVID-19 at the time of diagnosis, 
rendering it more practical for use in busy clinical settings.

This study served as a temporal validation of the ALKA score, 
originally developed in a UAE cohort, and as a direct comparison with 
the CRS score, using a new patient group managed during the 
endemic phase of COVID-19. The ALKA score was applied 
retrospectively and did not influence clinical decisions, allowing its 
evaluation under routine care without involvement from the score’s 
original investigators. The data were collected by a different team than 
the one that developed the ALKA score, supporting an independent 
assessment and reducing the risk of bias. Although this was not a 
multicentre or geographically external validation, it provides 
meaningful temporal and contextual validation by reflecting a 
different phase of the pandemic and a distinct operational setting. 
Both the CRS and ALKA scores were evaluated for their ability to 
predict hospital admission, progression to critical illness, and 
mortality. The ALKA score demonstrated prognostic performance 
that matched or exceeded that of CRS, supporting its potential value 
as a practical clinical tool.

TABLE 2  The table displays Pearson’s chi-square, likelihood ratio and odd’s ratios (ORs) with corresponding p-values for each patient outcome (hospital 
admission, critical illness, and death) across CRS and ALKA scoring systems.

Patients outcomes Pearson chi-square, p-value Likelihood ratio, p-value OR (95% CI, p-value)

CRS ALKA CRS ALKA CRS ALKA

Admission 39.47* 78.16* 39.85* 80.32* 1.12 (1.08–1.15)* 3.12 (2.38–4.09)*

Critical illness 3.4 10.21* 3.36 9.77* 2.01 (0.92–4.36) 2.90 (1.31–6.43)*

Death 9.93 13.06* 11.87 14.81* 1.1 (1.05–1.15) 6.25 (1.11–35.25)*

*Bonferroni adjust p value <0.01.
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4.1 Performance of CRS and ALKA scoring 
systems in predicting critical illness, 
hospital admission, and mortality

For all outcomes (hospital admission, critical illness, and death), 
ALKA demonstrated a significantly stronger performance than CRS 
with respect to statistical associations (Pearson’s chi-square, likelihood 
ratio, and OR).

4.1.1 Hospital admission
Both the ALKA and CRS scores were significantly associated with 

hospital admission, but ALKA demonstrated superior predictive 
performance. It showed stronger discriminative ability, higher 
sensitivity and specificity, and a better overall model fit compared to 
CRS. The odds ratio for ALKA was notably higher, indicating a 
stronger relationship with admission outcomes. These results suggest 
that ALKA may be a more effective tool than CRS for identifying 
patients who require hospital admission.

4.1.2 Critical illness
Regarding the prediction of critical illness, both the ALKA and 

CRS scores showed the ability to identify patients at risk, but the 
difference between the two was not statistically significant. The ALKA 
score demonstrated better discriminative performance, higher 
specificity, and explained more variance than CRS, although both 
models showed good calibration. ALKA was significantly associated 
with critical illness, with a notably higher odds ratio, while the 
association with CRS was weaker and did not reach statistical 
significance. Overall, these findings suggest that ALKA may offer a 
more reliable prediction of critical illness, but the improvement over 
CRS was modest.

4.1.3 Mortality
In predicting in-hospital mortality, the ALKA score demonstrated 

superior performance compared to the CRS score. ALKA achieved 
excellent discrimination, with an AUC of 0.96 and perfect sensitivity, 
correctly identifying all patients who died, while maintaining high 
specificity. The CRS score also showed good discriminative ability but 
was clearly outperformed across all key metrics. ALKA had a much 
higher odds ratio and explained substantially more variance, 
indicating a stronger relationship with mortality outcomes. Both 
models were well calibrated, but ALKA exhibited a markedly better 
overall fit. The difference in performance was further supported by a 
post hoc power analysis, which showed that the ALKA score had 
considerably greater statistical power to detect mortality risk than 
CRS. These findings suggest that the ALKA score is a more accurate 
and clinically useful tool for identifying patients at high risk of death.

4.2 Implications for clinical practice

CRS, though a useful tool, relies on unquantifiable risk factors that 
are often obtained from past medical history, which may be incomplete 
or potentially imprecise. This may introduce inherent inaccuracies in 
predicting the likelihood of progression to critical illness and 
contribute to the variability in how these factors are interpreted. 
Different components of the risk score demonstrate variable predictive 
abilities for outcomes, suggesting that using uniform weights may 
compromise the overall accuracy. However, the ALKA score 

specifically identifies and quantifies early physiological changes that 
may indicate initial progression toward critical illness, utilising four 
measurable clinical parameters instead of a broad range of 
unquantified risk factors. Studies have demonstrated that elevated 
serum LDH, low serum albumin, and low eGFR at presentation are 
strong independent predictors of severe disease and critical illness 
among patients with COVID-19 (36, 37).

In this study, ALKA score outperformed CRS in predicting 
hospital admissions, progression to critical illness, and mortality. The 
differences in performance between the two scoring systems can 
be attributed to their distinct methodologies and clinical variables. 
The predictive strength of ALKA was demonstrated by its accurate 
stratification of patients who ultimately succumbed to the disease. The 
ALKA correctly classified all 8 patients who died as severe cases, 
whereas the CRS only categorised two of these patients as red (severe), 
with the remaining six being classified as yellow (moderate). This 
discrepancy highlights the poor reliability of CRS in accurately 
identifying COVID-19 patients who are at a high risk of mortality.

While the heterogeneity of a real-world study population of 
COVID-19 patients enhances the generalisability of our study 
findings, it may also has affected the performance of risk scores across 
different patient subgroups (38). Therefore, our study does not fully 
address how these risk scores may perform across distinct patient 
subgroups. Future studies should focus on exploring the predictive 
performance of the ALKA risk score within specific subgroups.

Our study had several limitations. First, as with other retrospective 
studies, it relied on data extracted from patients’ electronic medical 
records, which were not originally collected for this purpose. 
Consequently, some important information may have been missing or 
incomplete. Second, the study was limited to symptomatic patients 
attending hospital emergency rooms, which may not accurately 
represent the broader patient population, particularly those with mild, 
asymptomatic, and non-hospitalised cases. Third, variability in 
physician decision-making; based on clinical judgement, radiological 
findings, and CRS may have led to potential inconsistencies in patient 
categorisation. Moreover, the ALKA score was developed and 
validated within a single country, which raises concerns about the 
external validity of these results. While our findings may be relevant 
to countries in the Middle East and neighboring Asian regions with 
comparable demographic and healthcare system characteristics, 
further validation in varied populations and healthcare settings is 
required to establish broader applicability. Furthermore, the 
standardized treatment protocols of the Abu Dhabi Department of 
Health, including the early administration of monoclonal antibody 
therapy to all high-risk patients, may have affected both the predictive 
performance of the risk scores and the observed outcomes by 
potentially reducing disease progression. Consequently, the influence 
of these interventions may restrict the generalizability of our findings 
to healthcare settings where such early treatment approaches are not 
routinely employed (10).

Despite these considerations, the ALKA score provides a systematic 
method for risk stratification that can serve as a basis for recalibration or 
further validation across different populations and healthcare systems. 
Continuous evaluation and refinement of such models remain important 
to ensure their clinical relevance amid evolving pandemic dynamics and 
treatment options. Although CRS has its merits, its complexity hinders 
its practical use, especially in fast-paced clinical environments where 
quick decision-making is essential. Additionally, the reliance of CRS on 
numerous clinical risk factors, which are, at times, unquantifiable, 
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including the requirement for a detailed medical history, coupled with 
its relatively lower predictive accuracy for key outcomes, such as critical 
illness, hospital admission, and mortality, makes it less reliable for 
effectively stratifying patients. In comparison, ALKA scoring system 
offers a more streamlined approach to risk assessment, rendering it easier 
to implement in real-world clinical practice.

ALKA, as a risk assessment tool, was developed in response to 
the COVID-19 pandemic in the UAE and performed well in this 
study years later, demonstrating its potential as a tool for optimizing 
healthcare resources and selecting at-risk patients for new therapeutic 
strategies. Thus, it would be interesting to perform cross-validation 
of the ALKA COVID-19 critical illness risk assessment in a large 
multinational dataset, including varied populations and healthcare 
settings, and to compare them with other clinical risk assessment 
scoring systems. This would enable a more comprehensive evaluation 
of the performance of scoring systems across different demographics, 
potentially resulting in adjustments that enhance their applicability 
in real-world clinical scenarios. Applying advanced causal inference 
methods, including target trial emulation, might offer insights into 
the potential benefits of modifying specific risk factors on improved 
clinical outcomes in patients with COVID-19 (39–41).

In conclusion, ALKA score demonstrates predictive ability for 
hospital admission, critical illness, and mortality, rendering it a valuable 
tool for clinical decision making. In contrast, the intricate nature of CRS 
makes it onerous and tedious to perform, and the variability in 
interpreting the risk factors may limit its overall utility. The COVID-19 
point-of-care tools would benefit from an external validation study to 
establish their effectiveness in different healthcare settings.
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