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Rationale: This study was conducted to develop, validate, and compare prediction models for severe disease and critical illness among symptomatic patients with confirmed COVID-19.

Methods: For development cohort, 433 symptomatic patients diagnosed with COVID-19 between April 15th 2020 and June 30th, 2020 presented to Tawam Public Hospital, Abu Dhabi, United Arab Emirates were included in this study. Our cohort included both severe and non-severe patients as all cases were admitted for purpose of isolation as per hospital policy. We examined 19 potential predictors of severe disease and critical illness that were recorded at the time of initial assessment. Univariate and multivariate logistic regression analyses were used to construct predictive models. Discrimination was assessed by the area under the receiver operating characteristic curve (AUC). Calibration and goodness of fit of the models were assessed. A cohort of 213 patients assessed at another public hospital in the country during the same period was used to validate the models.

Results: One hundred and eighty-six patients were classified as severe while the remaining 247 were categorized as non-severe. For prediction of progression to severe disease, the three independent predictive factors were age, serum lactate dehydrogenase (LDH) and serum albumin (ALA model). For progression to critical illness, the four independent predictive factors were age, serum LDH, kidney function (eGFR), and serum albumin (ALKA model). The AUC for the ALA and ALKA models were 0.88 (95% CI, 0.86–0.89) and 0.85 (95% CI, 0.83–0.86), respectively. Calibration of the two models showed good fit and the validation cohort showed excellent discrimination, with an AUC of 0.91 (95% CI, 0.83–0.99) for the ALA model and 0.89 (95% CI, 0.80–0.99) for the ALKA model. A free web-based risk calculator was developed.

Conclusions: The ALA and ALKA predictive models were developed and validated based on simple, readily available clinical and laboratory tests assessed at presentation. These models may help frontline clinicians to triage patients for admission or discharge, as well as for early identification of patients at risk of developing critical illness.
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INTRODUCTION

Coronavirus disease 2019 (COVID-19) is a new respiratory infectious disease that was first reported in Wuhan, China and has subsequently spread worldwide. It is estimated that 80% of patients with COVID-19 have mild flu-like symptoms or no symptoms (1). However, up to a quarter of adult patients develop a severe respiratory illness that may progress to respiratory failure with high risk of mortality (2–5). This is causing a significant strain on health services worldwide.

Developing a reliable clinical tool to predict patient outcome at an early stage of the disease would greatly improve the management of patients and also ensure optimal utilization of health care resources. Moreover, early identification of patients with potential critical illness is crucial for early provision of the required supportive care and also appropriate selection for therapeutic trials. Furthermore, recognition of patients with potential non-severe disease is helpful to prompt discharge and alleviate the burden on the healthcare system (2, 3, 5). An ideal triage system in a pandemic setting should be quick, readily available, feasible, and affordable with the latter particularly relevant in resource-constraint setting. Various predictive factors have been evaluated to model disease outcomes in patients with COVID-19 (6–8), however, there are several limitations to the current literature. Firstly, most of these studies are from Chinese, European or American populations, with few or no reports from the Middle East. As the population age structure, socioeconomic status, and prevalence of underlying health comorbidities vary in different population groups, the proposed predicative factors may not be applicable to other populations. This study was conducted in the United Arab Emirates (UAE), which hosts over 200 nationalities, and about 88.5% of the population are expatriates and immigrants from other Middle Eastern and South Asian countries (9). Secondly, a recent critical appraisal and systemic analysis revealed that most published predictive models have significant selection bias and poorly defined predictors and outcomes, as well as lacking calibration and validation, making their generalizability and implementation across different settings and populations questionable (10, 11). Our predictive models were developed in accordance with the TRIPOD statement's recommendations with complete data on disease progression and clearly defined final outcomes (12). Finally, a recent review of the current screening and triage tools for COVID 19 concluded that almost all published validated triage tools rely on resource-intensive laboratory and imaging investigations, limiting their generalizability and utility in low-resource settings (13).

The aim of this study is to predict the risk of progression to severe disease and critical illness in symptomatic adult patients with confirmed COVID-19 infection based exclusively on simple and readily available baseline clinical parameters on initial diagnosis. We developed and validated a three- variable predictive model for severe disease and a four-variable model for critical illness and we compared their diagnostic accuracy with previously published predictive models. To the best of our best knowledge, this is the first study in the Middle East to develop validated predictive models for patients with COVID-19 infection to facilitate early prediction of severe disease and critical illness by measuring clinical and laboratory biomarkers at the time of presentation.



MATERIALS AND METHODS


Participants and Study Design

From the early period of the epidemic, the governmental hospitals in Abu Dhabi adopted an admission policy for all cases of confirmed COVID-19 infection, including non-severe cases, to ensure isolation and also to limit potential viral spread in the community. To identify predictive factors for severe disease and critical illness, we started by reviewing the electronic health records (EHR) of all symptomatic adult patients (≥18 years) with suspected COVID-19 infection at Tawam Hospital, Abu Dhabi Emirate, UAE between 15th of April 2020 and 30th of June 2020. Of the 470 patients with suspected COVID-19, 37 patients had a negative swab and were excluded. Four hundred and thirty-three patients were included in our cohort and all had positive results on real time reverse transcription polymerase chain reaction (RT-PCR) assay of nasopharangeal swab specimens (AllplexTM 2019-nCoV Assay, Seegene Inc., Seoul, Republic of Korea). The results were validated using another cohort of 213 patients presented to another governmental hospital, Al Ain Hospital, Abu Dhabi, UAE during the same period and selected with similar inclusion/exclusion criteria. Our target population and outcomes were clearly defined, and we developed our predictive model using the recommendations and checklist of the TRIPOD statement (12). This study was approved by the Institutional Review Board and the Department of Health Ethical Committee, and written informed consent was waived.



Data Collection

A team of respiratory clinicians reviewed and extracted the data from EHR using a standardized data collection tool. The generated data were checked independently by one clinician to ensure accuracy and consistency. Demographic data, comorbidities, symptoms and signs at presentation, laboratory biomarkers, and outcomes were collected and evaluated. We recorded information on respiratory support (high oxygen supplementation and mechanical ventilation), admission to intensive care unit (ICU), discharge, and death. Comorbidities were identified from the medical history section, previous visits, or at the time of diagnoses. Obesity was defined as a body mass index (BMI) ≥ 30 and was calculated as weight in kilograms divided by height in meters squared. The patients' identities were anonymized, and the data were password protected.



Outcomes

We assessed two primary outcomes: severe disease and critical illness. The outcomes were evaluated longitudinally over the entire study period, not just at the time of the initial testing event. Final outcome of either discharge or death was obtained for all patients in our cohort and there were no censored data.

Severe disease was defined according to the Chinese management guideline for COVID-19 (14), version 6.0 as development of any of the following parameters during admission: respiratory rate ≥ 30/min, resting pulse oxygen saturation (SpO2) ≤ 93%, partial pressure of oxygen (PaO2)/fraction of inspired oxygen (FiO2) ≤ 300 mmHg (1 mmHg = 0.133 kPa).

Critical illness was defined as a composite event of death, septic shock or respiratory failure requiring high-level supplemental oxygen or mechanical ventilation (invasive or non-invasive). Almost all critically ill patients were admitted to the intensive care unit (ICU).

The criteria for discharge were absence of fever for at least 3 days, clinical remission of respiratory symptoms, and two negative RT-PCR swabs for COVID-19 obtained at least 24 h apart.



Potential Predictors

We assessed 19 variables as potential predicators in our models based on the patients' demographic data, comorbidities, and laboratory biomarkers. Demographic variables included age, sex, and ethnicity/race. Comorbidities included obesity (according to the most recent BMI), hypertension, diabetes, cardiovascular disease, pulmonary disease (defined by chronic obstructive pulmonary disease or asthma), cerebrovascular disease (CVD), and chronic kidney disease (CKD). We assessed the laboratory biomarkers that have been reported to be commonly altered according to the recent recommendations in a systematic review and critical appraisal (10).

Laboratory biomarkers included the lymphocyte–neutrophil ratio (LN ratio), red cell distribution width (RDW), serum C-reactive protein (CRP), lactate dehydrogenase (LDH), albumin, D dimer and troponin T. The estimated glomerular filtration rate (eGFR) was calculated using CKD-EPI 2009 (15). We included only the first measurement obtained within 3 days of presentation.



Statistical Analysis

The quantitative variables are reported as median and range. Categorical variables are presented as frequencies and proportions. To explore the association of risk factors with severe disease and critical illness, the Chi square test was used.

Univariate and multivariate logistic regression models were used to determine which predictive factors are associated with disease outcomes. All variables with p < 0.10 in the univariate analysis were included in the final multivariable models to determine if each variable is an independent predictor of outcomes. Multiple imputation procedure in IDM SPSS software was used to address the missing laboratory values for RDW (1.4% missing), CRP (2.1%), LDH (2.1%), D dimer (5.3%), eGFR (6.2%), albumin (14.1%), direct bilirubin (30.5%), and troponin T (36.3%). Data were assumed to be missing at random. Five imputations were performed and regression coefficients were pooled using Rubin's rules (16). All the other variables, including the outcome variables, were complete.

The regression analysis results are summarized as relative risk with 95% confidence interval (95% CI) and p-value. P ≤ 0.05 were considered statistically significant. All analyses were carried out using IBM SPSS software (version 27, Chicago, IL, USA).



Statistical Prediction Models

The predictive models were constructed using predefined protocols according to the TRIPOD guidelines.



Selection of Predictive Factors

We built our prediction models using a logistic regression model for the dichotomous outcomes of interest: disease severity and critical illness. Variables that strongly associated with the outcome of interest during stepwise multivariate analysis were selected for building the prediction model. Covariates that improved the performance of the model were included in the final model. The statistical assumptions of linearity for the model were met.



Discrimination

Discrimination is the predictive accuracy of a model and is a measure of its ability to distinguish between those with and those without the outcome. This was assessed with concordance statistic (C statistic) by measuring the area under the receiver operating characteristic curve (AUC), which ranges from 0.5 to 1. AUC ≥ 0.7 was considered acceptable, whereas an AUC between 0.8 and 0.9 indicated excellent diagnostic accuracy.



Calibration

Calibration refers to the agreement between the observed and predicted number of outcomes, and it measures the goodness of fit. The calibration was assessed by plotting the predicted risk of outcome on the x-axis against the observed risk of outcome on the y-axis. Further assessment of goodness of fit was performed by applying the Hosmer–Lemeshow test, which determines if the difference between the observed and predicted risks is significant or not. A p ≤ 0.05 was considered indicative of model lack of fit.



Validation

To examine the prediction model's reproducibility and generalizability, we validated our predictive models on a validation cohort from Al-Ain hospital, Abu Dhabi, UAE. The predictive variables required to calculate risk score were collected from the validation cohort and the AUC was calculated.




RESULTS


Characteristics of the Patients

Of 470 patients triaged for suspected COVID-19 infection, 433 patients with a positive nasopharyngeal swab RT-PCR were included in the study. The median age was 48 years (range 18–90 years), and 99 patients (22%) were females. The disease was severe in 186 patients (43%). All 247 patients with non-severe disease recovered and were discharged. Of the 186 patients with severe disease, 93 patients developed critical illness, with 75 patients required mechanical ventilation. The other 18 patients received non-invasive ventilation support. The median time from admission to invasive mechanical ventilation was 5 days (range 1–21). The median time from mechanical ventilation to death was 7 days (range 1–29 days). Figure 1 illustrates the recruitment of participants and their final outcomes.


[image: Figure 1]
FIGURE 1. Flow diagram of patient selection, categorization, and outcome.


The most prevalent comorbidities were hypertension (34.6%), diabetes mellitus (33.7%), cardiovascular disease (11.3%) and CKD (8.8%). Non-Emirati patients represented 84.1% of the study sample, reflecting the national demographic composition. Asians were the most prevalent ethnic group (65.5%). Arabs were the second most prevalent ethnic group (32.1%) and Africans were the minority (2.4%). BMI was available for 363 patients, 129 (35%) of whom were obese with BMI ≥ 30. Patients with severe disease/ critical illness were more likely to have comorbidities than patients with non-severe illness. The most significant comorbidities were diabetes (40.3 vs. 28.7%), CKD (16.1 vs. 6.5%), and CVD (6.5 vs. 0.8%).

The most common clinical symptoms were fever (84.3%), cough (70.2%), shortness of breath (51.2%), fatigue (39.5%), sore throat (17.3%), and chest pain (17.1%). Median duration of symptoms was 4 days (range 1–15 days).



Predictors of Severe Disease

In univariate analysis, severe disease was significantly associated with increasing age, being male, diabetes, CKD, and CVD, as well as with low LN ratio, serum albumin, and eGFR. Severe disease was also associated with high RDW, CRP, LDH, D-dimer, troponin T, and direct bilirubin. Severe disease was not associated with ethnic origin, hypertension, cardiovascular disease, pulmonary disease, or BMI.

In stepwise multivariate logistic regression analysis, severe disease was significantly associated with increasing age, male gender, and high RDW, LDH, CRP and D dimer, and with low LN ratio and albumin (Table 1).


Table 1. Univariate and multivariate regression analysis of predictive factors of severe COVID-19, critical illness, and in-hospital mortality.
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Predictors of Critical Illness

In univariate analysis, critical illness was significantly associated with older age, diabetes, CKD and CVD, with lower LN ratio, albumin and eGFR, and with high RDW, CRP, LDH, D-Dimer, and direct bilirubin. Critical illness was not associated with gender, ethnic origin, hypertension, CVD, pulmonary disease, BMI, or serum troponin T.

In stepwise multivariate logistic regression analysis, critical illness was significantly associated with older age, being male, and high RDW, LDH, CRP, D dimer, and direct bilirubin, as well as with low LN ratio, albumin, and eGFR (Table 1).



Prediction Models of Outcomes


Prediction Model for Severe Disease

Three variables at presentation showed the best discriminating ability in predicting severe disease in patients with COVID-19 infection, namely, age, serum LDH, and serum albumin (ALA model). These three variables had an AUC of 0.881 (95% CI, 0.868–0.893), indicating excellent discrimination (Figure 2). The calibration plot indicated that the predicted probabilities matched the actual probabilities, suggesting very good calibration. The p-value for the Hosmer-Lemeshow test was 0.375, indicative of good fit.


[image: Figure 2]
FIGURE 2. (A) Calibration and (B) area under the receiver operating characteristic curve (AUC) of predicting severe disease in patients with COVID-19 infection. AUC = 0.881 (95% CI, 0.868–0.893).




Prediction Model for Critical Illness

In this model, four variables were selected to predict critical COVID-19 illness at presentation. These factors, age, serum LDH, kidney function (eGFR) and serum albumin (ALKA predictive model), showed accurate discrimination, with an AUC of 0.851 (95% CI, 0.835–0.867, Figure 3). The calibration plot showed that predicted probabilities were very close to the observed probabilities, consistent with very good calibration. The p-value for the Hosmer-Lemeshow test was insignificant at 0.118, in keeping with good fit.


[image: Figure 3]
FIGURE 3. (A) Calibration and (B) area under the receiver operating characteristic curve (AUC) of predicting critical illness in patients with COVID-19 infection. AUC = 0.851 (95% CI, 0.835–0.867).





Construction of the Risk Score and Web-Based Calculator

Equations for predicting the risks of severe disease and critical illness in individual patients were constructed based on the fitted risk models. Web-based calculators are available online (https://covidriskscore.000webhostapp.com/).

The prediction equation to assess an individual patient's severe disease risk score = – 0.96 + 0.03 (age, years) + 0.011 (LDH, U/L) – 0.13 (albumin, g/L).

The prediction equation to estimate the critical illness risk score = – 1.69 + 0.039 (age, years) + 0.005 (LDH, U/L) – 0.095 (albumin, g/L) – 0.008 (eGFR, ml/min/1.73 m2).



Validation

The validation cohort included 213 patients with median age of 42 years (range 18–82 years), 38 were females (17.8%). Sixteen patients developed severe disease and subsequently progressed to critical illness (7.5%). Of the 16 patients who developed critical illness, 3 patients died (18.7%).

The most prevalent comorbidities were hypertension (22.5%), diabetes mellitus (21.1%), cardiovascular disease (3.7%), and CKD (2%).

The accuracy of the models' prediction of disease severity and critical illness were comparable to the development cohort, with an AUC of 0.911 (95% CI, 0.832–0.990) and 0.899 (95% CI, 0.806–0.992), respectively, indicating excellent discrimination (Figure 4).


[image: Figure 4]
FIGURE 4. Area under the receiver operating characteristic curve (AUC) of predicting severe disease (A) and critical illness (B) in the validation cohort. AUC = 0.911 (95% CI, 0.832–0.990) and 0.899 (95% CI, 0.806–0.992), respectively.




Comparison With Previously Published Models

Our ALA predictive model showed a high discriminatory performance (AUC, 0.88, 95% CI, 0.868–0.893) which outperformed the exiting HNC-LL score model (AUC, 0.85, 95% CI, 0.82–0.89) and the NLR model (AUC, 0.71, 95% CI, 0.659 to −0.759).

Similarly, the ALKA predictive model demonstrated a higher diagnostic accuracy (AUC, 0.851, 95% CI, 0.835–0.867) compared to the existing predictive model of critical illness published by Zhang et al. (AUC, 0.74, 95% CI, 0.66 to −0.82).




DISCUSSION

We developed and validated models to predict disease outcomes in adult patients with confirmed COVID-19 infection. As the clinical course of the disease is unpredictable, COVID-19 infection continues to pose serious challenges to the healthcare systems globally. Identifying patients who are at risk of developing severe disease will enable informed decisions about admission and discharge as well as proper healthcare resource utilization. Furthermore, early recognition of patients at risk of critical illness and possibly death will improve patient monitoring and timely initiation of the required level of care and support. One of our models' key features is that they utilize simple, readily available clinical parameters that can be assessed at the time of presentation. The development of our predictive models in a unique cohort of patients with both severe and non-severe illness at the time of initial presentation is another major strength.

We found that increasing age is a strong predictor of severe disease and critical illness. During aging, major changes occur in the immune system, collectively described immunosenescence, a condition characterized by declining immune functions (17). These changes include T-cell and B-cell dysfunction as well as excess production of type 2 cytokines, which could lead to uncontrolled viral replication, proinflammatory responses, and poor outcome (18).

The median age of our cohort was 48 years, which is lower than reported in other studies of American, European, and Chinese populations, reflecting demographic differences between these populations (19–22).

In our cohort, elevated serum LDH and low serum albumin at presentation were strong independent predictors of severe disease and critical illness. In patients with severe infection, elevated levels of LDH are attributed to the release of the intracellular content when the integrity of the cell membrane is compromised, such as in virally induced pulmonary damage. Additionally, LDH levels can be elevated in patients due to cytokine-mediated multiple organ injury (23, 24). In a pooled analysis of 1,532 patients with COVID-19 infection, elevated LDH levels were associated with a six-fold increase in the probability of developing severe disease and a 16-fold increase in the probability of death (24). Similarly, Muhammad et al. reported increased in-hospital mortality in COVID-19 patients with elevated LDH (25).

There are a few hypotheses regarding the cause of hypoalbuminemia in patients with severe COVID-19 infections. First, hypoalbuminemia is a recognized biomarker of acute and chronic inflammation. Moreover, essential amino acid consumption due to viral replication, transcriptional inhibition and albumin clearance might play a role in albumin depletion. Furthermore, reduced albumin synthesis by the liver and increased microvascular permeability and consequent redistribution of albumin into extravascular compartments have also been suggested to contribute to hypoalbuminemia (26). Albumin has strong anti-inflammatory, antioxidant and anticoagulation properties, so hypoalbuminemia can have prothrombotic effects with an increased risk of arterial and venous thrombosis in different clinical settings (27, 28).

We showed that eGFR on presentation was an independent predictor of critical illness in patients with COVID-19. It has been reported that expression of angiotensin-converting enzyme 2 (ACE2), the major cell entry receptor for SARS-CoV-2, is almost 100 times higher in the kidneys than in the pulmonary parenchyma (29). Acute kidney disease in patients with COVID-19 is caused by several factors, including direct cytopathic effects on kidney tissue, endothelial damage, deposition of immune complexes, and virus-induced cytokines (30). Several studies have shown higher mortality in patients with CKD. Cheng et al. reported that during hospitalization of patients with COVID-19, there is a high prevalence of kidney disease on admission, and that the development of acute kidney injury is frequent and is associated with in-hospital mortality. Guan et al. found that mortality and ICU admission rates of patients with raised serum creatinine were higher than in patients with normal serum creatinine level (9.6 vs. 1%). Lim et al. reported that the development of acute kidney injury is more strongly associated with severe clinical outcomes and mortality in patients with chronic kidney disease (20, 30, 31).


Predictive Model of Severe Disease (ALA Model)

To predict severe disease at presentation in adult patients with COVID-19 infection, we developed a predictive model using three readily available clinical parameters (age, serum LDH, and albumin).

Our cohort included all symptomatic patients with both severe and non-severe COVID-19, as early on in the pandemic, the initial strategy in the country was to hospital isolate all confirmed positive cases to control the spread of the disease. All patients in our cohort who were predicted to have a course of non-severe illness at initial presentation were discharged without developing critical illness. Therefore, the ALA predictive model can be a useful tool for triaging patients with COVID-19 infection for admission or discharge.

The utility of the previously published models on predicting the risk of progression to severe COVID-19 and early identification of patients requiring hospital admission is limited (32–35). The COVID-19 vulnerability index model (CV19) has a serious limitation, as it was developed using proxy events and outcomes from non-COVID-19 pneumonia patients (32). The other predictive model developed by Meng et al. relies on subjective clinical symptoms such as breathlessness and serum biomarkers that are not readily available in the emergency department setting, e.g., serum interleukin 6 (35). We compared the accuracy of our ALA predictive model with other existing predictive models of severe disease. We applied the corresponding variables of the HNC-LL score model, hypertension, neutrophil count, serum CRP, lymphocyte count, and serum LDH, developed by Xiao et al. and the neutrophil-to-lymphocyte ratio (NLR) model developed by Liu et al. to our cohort (33, 34). We found that the discriminatory performance was lower for the HNC-LL model and the NLR model compared to our ALA predictive model. Noteworthy is that the HNC-LL and NLR models have been shown to outperform the CURB-65 and MuLBSTA scoring systems (33, 34).



Predictive Model of Critical Illness (ALKA Model)

In this model, we developed a scoring system to predict critical illness using four readily available parameters: age, serum LDH, kidney function (eGFR), and serum albumin. We would like to emphasize the importance of the timing of measurement in this model, as we focused exclusively on baseline assessment of the predictive variables at presentation. Therefore, this model could become an important tool for clinicians to identify patients, at or soon after admission, who are at risk of developing a critical illness. This is of paramount value in providing early high-level support and early intervention.

Several previous studies have reported risk prediction models of critical illness and in-hospital mortality based on demographic data, clinical findings and laboratory biomarkers assessed at the time of hospital admission or following transfer to ICU. Most of the studies have been from Chinese, European or American populations, with few reports from the Middle East (10, 36–43).

The previously reported predictive models have several limitations. Firstly, up to 10 predictive variables were employed, and some studies included subjective symptoms or laboratory biomarkers that are not readily available (10, 33–35, 39). In our model, we assessed the laboratory markers that have been reported to be commonly altered according to recent recommendations based on systematic review and critical appraisal (10). The predictive variables we selected are simple, readily available, and can be accurately measured.

Secondly, some studies measured their predictors at an inappropriate time, which may have influenced the outcomes (8, 19, 44, 45). Measuring variables not at presentation but later at their peak during ICU admission may lead to a look-ahead bias. As mentioned above, our predictive parameters are part of the baseline assessment at presentation, and the models can provide an early score of critical illness risk while avoiding look-ahead bias.

Thirdly, study participants were often excluded because they did not develop the outcome at the end of the study, which means that the final outcome was not determined. This generates a highly selected study sample (46). In our cohort, the end points and the outcome measures were clearly defined, and all our patients had a final outcome of either discharge or progression to critical illness.

Finally, some of the previously published predictive models lacked calibration and validation. Calibration, which measures the goodness of fit, refers to the agreement between the observed and predicted outcomes. Validation refers to the process of confirming that the model actually achieves its intended purpose, and it ensures the model's reproducibility. We strictly followed TRIPOD guidelines, including discrimination, calibration and validation of the predictive models. Our models showed good fit and were validated with a separate validation cohort from another governmental hospital to ensure generalizability to all the UAE population, and probably to other nearby countries in the region.

We compared the discriminatory power of our ALKA model with the predictive model published by Zhang et al. which share two common predictive variables, age, and serum LDH with our ALKA model (41). Applying Zhang et al. model's predictive variables to our cohort showed a lower discriminatory power compared to our ALKA model. We were unable to evaluate the discriminatory performance of other previously published predictive models that utilized computed tomography findings, large numbers of parameters, or several uncommonly measured clinical and laboratory biomarkers.

Discussing prognostic triage tool for COVID 19 is not complete without referring to artificial intelligence (AI). There is no doubt that AI has the potential to transform how health care is delivered and it is becoming a more widely tested tool for emergency room triage including patients with COVID-19 infection. Many studies have investigated AI applications for diagnostic and prognostic triage of COVID 19 patients during the pandemic. However, the science behind the AI algorithm is deep and highly complex and it has the potential to suffer from a host of shortcomings, including bias and inapplicability outside of the training domain (47). A recent review of over 400 diagnostic and prognostic AI triage tools for COVID 19 infection highlighted serious methodological and reporting flaws that jeopardize reproducibility, generalizability, and usability for clinical practice (48). The utility of the best performing machine learning-based algorithm model was limited by using large number of unreadily available clinical parameters rendering it impractical in resource-constrained settings (49).

Our study has several limitations. Firstly, it was retrospective and all the data were collected from case records. Therefore, important information such as history of comorbidities might have been missed and some laboratory parameters were not available. To account for missing data, we used multiple imputations. Secondly, we limited our cohort to symptomatic patients with confirmed COVID-19 at presentation, potentially excluding patients with milder illness who did not seek medical advice. Thirdly, the number of patients included in the analysis was small, which may limit the interpretation of our model. Larger prospective studies are required to confirm our findings. Finally, predictive models need to be externally validated in other datasets to determine whether these models are generalizable to other cohorts outside the UAE. Given that our study was done early in the pandemic and the cohort was almost entirely comprised of unvaccinated patients, it would be interesting to test the ALA and ALKA models in vaccinated patients with breakthrough COVID-19 infection, to assess their validity.




CONCLUSIONS

Age, serum LDH and serum albumin are independent predictors of severe disease in patients with COVID-19 infection. In addition to these three predictor factors, eGFR is another strong independent predictor of critical illness. We developed and validated two simple, accurate predictive models (ALA and ALKA) to stratify patients at presentation into non-severe, severe or critical illness. The ALA scoring system may provide frontline clinicians with a useful tool to triage patients for admission and discharge. The ALKA scoring system may allow early identification of patients at risk of developing critical illness and therefore may enable very close monitoring and early active treatment. The predictive parameters in these two models are simple and readily available and can be easily incorporated into EHR as a clinical decision support tool. External validation of these two predictive models using a larger cohort is suggested.
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