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Maria Angélica P. Ferreira PhD ,
Maria Aparecida C. Bicalho MD, PhD , Maria Clara P.B. Lima ,
Mariana F. Godoy MD , Marilia M.A. Cardoso PhD ,
Meire P. Figueiredo , Natália C.S. Sampaio ,
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Highlights 

 ABC2-SPH mortality risk score employs seven variables upon hospital presentation  

 The model had high discriminatory value (AUROC 0.844, 95% CI 0.829 to 0.859) 

 External validation confirmed these results in Brazilian and Spanish cohorts 

 ABC2-SPH outperformed other available scores.  

 It is implemented in a freely available online risk calculator (https://abc2sph.com/).  
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Abstract 

Objectives: The majority of available scores to assess mortality risk of coronavirus disease 19 

(COVID-19) patients in the emergency department have high risk of bias. Therefore, our aim 

was to develop and validate a score at hospital admission for predicting in-hospital mortality in 

COVID-19 patients, and to compare this score with other existing ones. 

Methods: Consecutive patients (≥18 years) with confirmed COVID-19 admitted to the 

participating hospitals were included. Logistic regression analysis was performed to develop a 

prediction model for in-hospital mortality, based on the 3978 patients admitted between 

March-July, 2020. The model was validated in the 1054 patients admitted during August-

September, as well as in an external cohort of 474 Spanish patients. 

Results: Median (25th-75th percentile) age of the model-derivation cohort was 60 (48-72) 

years, and in-hospital mortality was 20.3%. The validation cohorts had similar age distribution 

and in-hospital mortality. Seven significant variables were included in the risk score: age, blood 

urea nitrogen, number of comorbidities, C-reactive protein, SpO2/FiO2 ratio, platelet count and 

heart rate. The model had high discriminatory value (AUROC 0.844, 95% CI 0.829 to 0.859), 

which was confirmed in the Brazilian (0.859 [95% CI 0.833 to 0.885]) and Spanish (0.894 [95% 

CI 0.870 to 0.919]) validation cohorts, and displayed better discrimination ability than other 

existing scores. It is implemented in a freely available online risk calculator 

(https://abc2sph.com/). 

Conclusions: We designed and validated an easy-to-use rapid scoring system based on 

characteristics of COVID-19 patients commonly available at hospital presentation, for early 

stratification for in-hospital mortality risk of patients with COVID-19. 

Key words: COVID-19; SARS-CoV-2; mortality; prognosis; risk factors; hospitalizations; score 
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Introduction 

Coronavirus disease 2019 (COVID-19) is still the main global health, social and 

economic challenge, overwhelming health care systems in many countries and heavily 

burdening others.1,2 Case rates continue to rise, and some hospitals are nearly at their full 

capacity of intensive care unit beds. The emergence of the new variants of SARS-CoV-2 in 

England, South Africa, Brazil and India, with very high viral growth, more transmissible, less 

detectable with the RT-PCR technique or deadlier than the wild-type SARS-CoV-2 and evidence 

of lower vaccine efficacy, is currently a cause of huge concern3-6.  

Fast and efficient assessment of prognosis of the disease is needed to optimize the 

allocation of health care and human resources, to empower early identification and 

intervention of patients at higher risk of poor outcome. A proper assessment tool will guide 

decision making to develop an appropriate plan of care for each patient7. In this context, rapid 

scoring systems, which combine different variables to estimate the risk of a poor outcome, 

may be extremely helpful for quick and effective assessment of those patients in the 

emergency department8. 

Although different scores have been proposed to assess prognosis in COVID-19 

patients, the majority of them lack benefit to clinical decision making, and there is a lack of 

reliable prognostic prediction models9,10. Most scores were developed from small cohorts, at 

high risk for bias, with selected study samples and relatively few outcome events, without 

clear details of model derivation and validation, as well as unclear reporting on intended use11-

15. These issues lead to a high risk of model overfitting, thus their predictive performance when 

used in clinical practice may be different than that reported10,11, and external validation was 

rarely done 16 10. 

In this context, our aim was to develop and validate an easy applicable score that 

employs routinely available clinical and laboratory data at hospital presentation, to predict in-
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hospital mortality in patients with COVID-19, able to discriminate high vs non-high risk 

patients. Additionally, we aimed to compare this score with other existing ones. 

 

Methods 

This study is part of the Brazilian COVID-19 Registry, an ongoing multicenter 

observational study described elsewhere17, and a collaboration with Vall d’Hebron University 

Hospital, in Barcelona, Spain, for independent external validation. The Brazilian COVID-19 

Registry is being conducted according to a predefined protocol, in 36 Brazilian hospitals, 

located in 17 cities, from five Brazilian states.  

Model development, validation and reporting followed guidance from the Transparent 

Reporting of a Multivariable Prediction Model for Individual Prediction or Diagnosis (TRIPOD) 

checklist and Prediction model Risk Of Bias ASsessment Tool (PROBAST) (Supplementary 

Material)18,19. 

 

Study subjects 

Consecutive adult patients (≥18 years-old) with laboratory-confirmed COVID-1920 

admitted to the participating hospitals from March 1 to September 30, 2020 were enrolled. 

Patients who were transferred between hospitals and admission data from the first hospital 

(as we aimed to develop a score to be used in the first assessment) or the last hospital was not 

available were excluded (Table S1), as well those who were admitted for other reasons and 

developed COVID-19 symptoms during their stay (Figure 1).  

 

Measurement and data quality assessment 
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Demographic information, clinical characteristics, laboratory and outcome data were 

collected from the medical records by using a prespecified case report form applying Research 

Electronic Data Capture (REDCap) tools21,22. Data were collected by trained hospital staff or 

interns. A detailed data management plan (DMP) was developed and provided to all 

participating centers, and an online DMP training was mandatory before local research 

personnel were allowed to start collecting study data23. 

We undertook comprehensive data quality checks to ensure high quality. A code was 

developed in R software to identify values likely related to data entry errors for vital signs and 

laboratory variables, based on expert-guided rules. Data were sent to each center for checking 

and correction.  

 

Potential predictors for in-hospital mortality 

All variables used to calculate the risk score were obtained at hospital admission. A set 

of potential predictor variables for in-hospital mortality was selected a priori, as 

recommended19, taking into account the evidence in literature of association with worse 

prognosis in patients with COVID-19 or pneumonia, and availability of predictor measurement 

at the time the model would be used, i.e., hospital admission11. All laboratory tests were 

performed at the discretion of the treating physician. Imaging test results were not included, 

as X-ray and CT scan are not always performed at patient admission and their interpretation 

involve subjective judgement. 

Candidate predictor variables which were not available for at least two thirds of 

patients within the derivation cohort (more than one third of missing data) were excluded.  

 

 

Data analysis 
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Continuous variables were summarized using medians and interquartile ranges (IQR), 

whereas counts and percentages were used for categorical variables. We reported 95% 

confidence intervals, and a p-value less than 0.05 was considered statistically significant. 

Statistical analysis was performed with R software (version 4.0.2) with the mgcv, finalfit, mice, 

glmnet, pROC, rms, rmda, and psfmi packages.  

 

Missing data 

Considering missing at random after analyzing missing data patterns, multiple 

imputation with chained equations (MICE) was used to handle missing values on candidate 

variables (outcomes were not imputed). Mortality outcome was used as a predictor in MICE in 

the derivation dataset, but not in the validation dataset. We used predictive mean matching 

(PMM) method for continuous predictors and polytomous regression for categorical variables 

(two or more unordered levels). The results of ten imputed datasets, each with ten iterations, 

were combined following Rubin’s rules24. 

 

Development of the risk score model 

 Patients who were admitted before July 31 were included in the development cohort 

(Figure S1). We conducted predictor selection based on clinical reasoning and literature review 

before modeling. Generalized additive models (GAM) were used to examine the relationships 

between in-hospital mortality and continuous (through penalized thin plate splines) and 

categorical (as linear components) predictors. During this stage, variable selection was based 

on D1- (multivariate Wald test) and D2-statistic (pools test statistics from the repeated 

analyses).  
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Subsequently, for an easier application of the risk score model at bedside, continuous 

variables were categorized based on widely accepted cut points, current evidence and/or 

categories defined in stablished scores for pneumonia and sepsis. 

Lastly, we used least absolute shrinkage and selection operator (LASSO) logistic 

regression to derive the mortality score by scaling the (L1 penalized) shrunk coefficients. The 

penalty parameter λ in LASSO was chosen using 10-fold cross-validation methods based on 

mean squared error criterion.  

Risk groups were proposed based on predicted probabilities: low risk ( < 6.0%), 

intermediate risk (6.0 – 14.9%), high risk (15.0 – 49.9%), and very high risk (≥ 50.0%), as 

recommended by TRIPOD Guidelines18. Risk strata was based on other scores25. 

 

External validation 

We performed an external (temporal) validation analysis using patients who were 

admitted from August 1 to September 30, 2020.  

Independent external validation was also performed in a cohort of patients from Vall 

d’Hebron University Hospital, in Barcelona, Spain, admitted from March 1 to May 31, 202026. 

Inclusion and exclusion criteria were the same as the beforementioned ones. All patients 

included were followed for at least 28 days. The aforementioned methods for data imputation 

were used. 

 

Performance measures 

We evaluated overall performance using Brier score27. Calibration was assessed 

graphically by plotting the predicted mortality probabilities against the observed mortality, 

testing intercept equals zero and slope equals one. The area under the receiver operating 

characteristic curve (AUROC) described model’s discrimination. Confidence intervals (95% CI) 
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for AUROC were obtained through 2000 bootstrap samples. Positive and negative predictive 

values of the derived risk groups were calculated.  

 

Model comparisons 

The developed model was compared within the validation cohort with existing scores. 

These scores were identified through a literature search of Medline, medRxiv and BioRxiv, with 

no language or date restrictions, using the search terms “COVID-19,” “COVID”, “SARS-CoV-2,” 

“coronavirus” combined with “score” and “mortality”. The last search was performed on 

November 19, 2020. Two authors independently performed article selection and data 

extraction. Additionally, we also included established scores for pneumonia and sepsis28-32.  

From the set of identified scores, we selected those which with predictors were 

available within the database and had accessible methods for calculation. Model comparisons 

were performed using AUROC and decision curve analysis. 

 

ABC2-SPH risk score calculator 

Risk score calculator was developed in Javascript, using the Svelte framework while the 

website was developed in R language (blogdown package). 

 

Results 

The derivation cohort included 3978 patients, from 267 cities in Brazil (Figure 2). 

Median age was 60 [IQR, 48-72] years, 53.8% were male, 70.1% had at least one comorbidity 

and 20.3% died during hospitalization. Table 1 shows demographic, clinical characteristics and 

laboratory findings for the derivation and validation datasets. 
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Development of the risk score model 

Thirty-six potential predictor variables were identified (Table S2). Number of 

comorbidities was created as a composite of ten individual comorbidities shown to have 

prognostic impact in COVID-9 (hypertension, diabetes mellitus, obesity, coronary artery 

disease, heart failure, atrial fibrillation or flutter, cirrhosis, chronic obstructive pulmonary 

disease, cancer and previous stroke)33,34, as in other scores25,35. Twelve variables were excluded 

due to the excessive number of missing values, two for high collinearity, and one was not 

recorded within database. Inotrope use was combined with blood pressure. Therefore, 20 

variables were tested. 

Through generalized additive model (GAM), a combination of seven variables was 

selected as the best predictor of in hospital mortality (Table S3). For an easier application to 

the risk score model at bedside, continuous selected predictors were categorized for LASSO 

logistic regression. All categories were defined a priori, based on widely accepted cut points, 

current evidence and/or categories defined in stablished rapid scoring systems from 

pneumonia and sepsis19. 

All variables were statistically significant predictors for in hospital mortality (Table S4 

and Figure S2). Shrunk coefficients were scaled to provide a prognostic index and we denoted 

it as the ABC2-SPH risk score (Table 2). The sum of the prediction scores ranges between 0 and 

20, with a high score indicating higher risk of in-hospital mortality. 

Risk groups were proposed based on predicted probabilities (Table 3): low risk (0-1 

score, observed in hospital mortality 2.0%), intermediate risk (2-4 score, 11.4%), high risk (5-8 

score, 32.0%), and very high risk (≥ 9 score, 69.4%). Subject-specific risks can be assessed using 

the developed ABC2-SPH risk score Web-based calculator (https://abc2sph.com/), freely 

available to the public, and it can also be assessed through infographics (Figure S3). 
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As well as GAM and LASSO, ABC2-SPH risk score showed good overall performance 

(Brier score: 0.114) and good discrimination (AUROC equal 0.842; 95% CI 0.840–0.843) within 

the derivation cohort (Table 4). 

 

External validation – Brazilian cohort 

A total of 1054 patients were included in the validation cohort. Median age was 62 

(IQR 48-73) years, 55.2% were male, 70.7% had at least one comorbidity and 19.7% died 

during hospitalization. The distribution of patients across range ABC2-SPH score in derivation 

and validation cohorts are presented in Figure 3. 

We observed ABC2-SPH risk score had AUROC=0.859 (95% CI 0.833 to 0.885), good 

overall performance (Brier = 0.108) and calibration (slope = 1.138, intercept = 0.114, p-value = 

0.184; Figure S4a) under the validation cohort (Figure 4). The good performance is also 

demonstrated in sensitivity analyses using complete case data (Table S5).  

Low, intermediate and high-risk groups showed good negative predictive values 

(99.7%, 88.1% and 71.0%, respectively). A positive predictive value of 73.7% was observed in 

patients classified as at very high mortality risk. 

 

External validation – Spanish cohort 

A second external (geographic) validation was performed within a Spanish cohort with 

856 patients and 172 (20.1%) in-hospital mortality. The demographic and clinical 

characteristics at admission are listed in Table 1. The median follow-up time was 21 (IQR, 7-40) 

days. 

ABC2-SPH score showed AUROC= 0.894 (95% CI 0.870 to 0.919; Figure 4), good overall 

performance (Brier = 0.093). Calibration is shown in Figure S4b. 

 

Literature review 
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The literature search identified 39 scores to predict mortality in COVID-19 patients 

(Table 5). In 36% the derivation cohort was from China, 21% from the United States and none 

from South America.  

 

Comparison with other scores 

Based on complete case validation cohort, the ABC2-SPH score achieved better 

discrimination (Table 6, Figure 5a) than other prediction scoring systems for COVID-19, 

pneumonia and sepsis (0.85; 95% CI: 0.82 – 0.88). Xie’s and Zhang’s score7,36,37 showed good 

discrimination, but the number of complete cases and deaths were relatively small. 

Considering clinical utility (Figure 5b), ABC2-SPH showed a better performance compared to 

the three most discriminating scores for in-hospital mortality that were tested in more than 

600 patients (4C Mortality Score, A-DROP and CURB-65) 25, 29.  

 

Discussion 

ABC2-SPH score is simple, objective, easily available at hospital admission and easily 

calculated, employing seven well defined and routinely recordable variables. It has shown to 

be a reliable tool to estimate in-hospital mortality in COVID-19 patients. Model performance 

compared surpassed other existing scores.  

The majority of developed scores are limited by methodological bias in development 

cohorts. Robust models require large sample sizes, which produce more reliable and accurate 

results18. Among the models analyzed for comparison, only 30.8% used a sample with more 

than 1000 patients, 41.0% used a sample with less than 500 patients, and 41.0% were 

developed and validated in a sample with less than 100 events.  
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Most of the models we analyzed for comparison (69.2%) did not perform or did not 

describe whether imputation methods were used for the missing data, therefore, there is a 

high risk of bias related to the treatment of missing data. The approach of excluding the 

missing data and performing the analysis with the complete cases can lead to biased results, 

since the complete cases may not adequately represent the entire original study sample, 

generating a selection bias18.  

In 43.6% of the analyzed studies, external validation of the developed model was not 

performed. As the accuracy of a prediction model is always high whether the model is 

validated on the development cohort used to derive the model only, the assessment of 

accuracy in those studies may be overoptimistic18. 

Previous studies have observed the variables included in the ABC2-SPH score as risk 

factors for severe COVID-19, what shows that our results are in line with the available 

evidence. Age and number of comorbidities were reported as independent risk factors for 

developing severe COVID and mortality in several publications9,25,38. The strong age gradient 

per decade after 60 years-old is in line with other series9,13. Aging is associated with a well-

known decline in the adaptive and innate immunity, which plays a major role in the increased 

susceptibility of infections39. It is also related to an increased severity in pro-inflammatory 

response and increased cytokine production, what is believed to increase patient vulnerability 

to the unregulated inflammatory response in COVID-1940.  

The number of comorbidities indicates the importance of pre-existing conditions to the 

severity of COVID-19. Even though comorbidities are age-dependent factors, the number of 

comorbidities remained as an independent risk factor in the final model.  

As we aimed to use variables easily available at ED admission of any institution, we 

opted to evaluate the SpO2/FiO2 ratio (SF ratio), instead of the ratio of arterial oxygen partial 

pressure over the fraction of inspired oxygen (PaO2/FiO2 ratio), like the COVID-AID score41. 
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Arterial blood gas puncture and analysis is an invasive and complex procedure, which may be 

time consuming for the team. SF ratio was already validated as a substitute for the PaO2/FiO2 

ratio in assessing the oxygenation criterion of patients with acute lung injury and acute 

respiratory distress syndrome42. 

COVID-19 associated hyperinflammation and coagulopathy are correlated to with a 

wide deviation in various inflammatory markers and hemostasis parameters, and thus these 

are potential prognostic markers of increased mortality in COVID-1943,44. Consistent with prior 

studies 45,46, we also observed utility of CRP, an acute phase reactor with established 

prognostic prediction role in intensive care septic and non-septic patients47,48, and 

thrombocytopenia. The prognostic value of thrombocytopenia in COVID-19 patients has shown 

in a recent meta-analysis49, and it was also included in other scores9,45. The exact explanation is 

still unknown, and it is probably multifactorial, related to direct infection of bone marrow cells  

by  the  virus, resulting in abnormal hematopoiesis;  platelet  destruction  by the  immune  

system;  endothelial damage triggering platelet activation, aggregation and microthrombi in 

the lung; and abnormal platelet defragmentation in the lungs49. 

A recent meta-analysis (16 studies, n=3480) has shown significantly higher levels of D-

dimer on admission in patients who died compared to the ones who were discharged43. This 

exam was included as a predictor in different scores12,15,46,50,51. However, the value has to be 

determined with the same methodology, preferably from the same manufacturer, and this 

information was not available in any of the studies. A recent publication highlighted confusion 

and potential for misinformation in reporting D-dimer data in COVID-1952. The authors 

provided examples of serious errors in the reported values and/or units as reported in the 

literature related to COVID-19, even in high impact journals.  

Most studies have not reported how they dealt with cases who were transferred 

between hospitals. As the score is intended to be used at hospital admission, we opted to 
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exclude patients who were transferred between hospitals and admission data from the first 

hospital was not available, to avoid the possibility the patients were already with critical 

disease. 

Blood urea nitrogen elevation was a strong predictor for mortality, what is in line with 

other scores25,53,54. Although autopsy studies did not find conclusive evidence of SARS-CoV2 

infection in the kidney, some authors hypothesize that the damage may be mediated by direct 

cytopathic effects of SARS-Cov2 on the kidney tissue, immune-mediated damage due to virus-

induced immune complexes, as well as the effects of the inflammatory response, hypoxia and 

shock55-57. 

A major strength of the ABC2-SPH score is its simplicity, with the use of objective 

parameters, what helps to reduce inter-user variability, easily available at the emergency 

department presentation, even in under-resourced settings. The present study followed strict 

methodological criteria, recommended by TRIPOD18 checklist and PROBAST19, and was based 

on robust sample of patients with confirmed SARS-CoV-2 infection from 36 hospitals in four 

Brazilian states, to ensure diversity of the population studied and representativeness of the 

intended target population. The majority of published scores were developed in China or the 

US (56.4%) and Europe (25.6%), this is the first study in the Latin American population. Data 

were obtained by detailed medical chart reviews, and we were able to collect comprehensive 

data from a large number of patients and follow 98.5% of the patients from admission to 

discharge or death. Decisions about which predictors to retain in the final model did not rely 

on potentially biased univariable selection of predictors. They were based on clinical 

reasoning, previous evidence from other cohorts and systematic reviews on prognostic factors 

for COVID-19 patients and availability of predictor measurement at hospital admission18. 

With regards to study limitations, due to the pragmatic study design, laboratory tests 

were performed at the discretion of the treating physician, and we did not have a full dataset 
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on all laboratory parameters of interest available. Some laboratory parameters, which proved 

to be of prognostic relevance in other studies, were not available for at least 2/3 of patients in 

our sample. Therefore, we cannot rule out that variables with a higher proportion of missing 

data would have had a significant impact on mortality prediction. Additionally, we were unable 

to assess the predictive ability of some scores, as some required variables were not available.  

In the Spanish validation cohort, true mortality risk was somewhat underestimated in 

very high-risk patients. The majority of those patients came from the beginning of the 

pandemic, and at that time doctors used to admit patients earlier in the course of the disease. 

Therefore, patients were admitted in a less severe condition than Brazilian ones, what can be 

inferred from the difference in SF ratio. This is probably the explanation for the 

underestimation in very high-risk patients among the Spanish cohort. Even with this 

difference, the score was able to show very good discrimination to differentiate patients with 

high vs. non-high risk, what is the main goal in using such scores. 

 

Implications for clinicians and policymakers 

ABC2-SPH score may be very useful in a real-world setting, to provide healthcare 

practitioners the decision support that is needed to help them better identify and prioritize the 

care of patients who have the higher risk of death. Its development and validation followed 

strict methodological criteria, and the score fulfils the characteristics of an ideal score58. It can 

be used in all emergency departments, regardless of the level of resource settings. The results 

represent the experience of 36 hospitals in 17 cities in Brazil, and one hospital in Spain, and 

they are highly relevant to the current pandemic. It can be easily calculated at bedside or could 

be easily integrated to the electronic medical records for an automatic computation. It may 

help clinicians to identify high-risk patients from the triage phase, as well as to identify those 

most appropriate to be enrolled into therapeutic trials, may make possible to expand inclusion 
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criteria through the early identification of patients who may benefit from therapy59. It might 

also be useful to help guiding recommendations for early palliative consultation60,61. 

Different from what has been mistakenly suggested25,62-64, the results from this study 

do not suggest that patients from low-risk group may be discharged for home treatment. No 

score so far has specifically tested this hypothesis. A recent editorial has highlighted the 

importance of taking into account the “treatment paradox”: patients identified to be at the 

low risk group were at low risk due to the interventions received in hospital65. It must not be 

interpreted as the risk to a patient if no actions are taken. Sperrin & McMillan counterfactual 

prediction modelling as a potential solution to minimize bias from treatment paradox65. More 

importantly, due to the treatment paradox, scoring systems developed and validated in in-

hospital settings cannot be used in outpatient settings without further validation, as it has 

been mistakenly suggested66. 

 

Unanswered questions and future research 

We believe that ABC2-SPH score may hold potential generalizability for other countries. 

However, prediction models are population specific and may produce different results in 

different populations67. Considering that thresholds for admission may vary, hospitalized 

COVID-19 population may be different, the outcome events are different and patient 

management may be different, further validation (and re-calibration) in different health care 

settings is recommended. In particular, we learned that our model might underestimate 

mortality in high-risk individuals.  

As we opted to develop the score focusing on information available at admission, as 

this would make it more useful for clinicians, other important factors during hospitalization 
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that may impact prognosis were not included. Further analysis involving these factors are 

required. 

ABC2-SPH score may help clinicians to make a prompt and reasonable decision to 

optimize patient management and potentially reduce mortality. However, further prospective 

studies are needed to investigate whether the use of the score in the emergency department 

indeed trigger actions that result in reduced complications and hospital mortality. Additionally, 

due to the rapidly changing nature of the COVID-19 and the disease management, model 

performance should be monitored closely over time and space65. 

Future studies may also investigate risk factors for mortality among patients who 

develop COVID-19 symptoms during hospital admission due to other conditions. 

 

Conclusion 

In conclusion, we developed and validated the ABC2-SPH rapid scoring system and a 

web-based risk calculator. This score, based on age, number of comorbidities, blood urea 

nitrogen, C-reactive protein, platelet count, peripheral oxygen saturation and oxygen support 

at admission is an inexpensive tool, showed to objectively and accurately predict in-hospital 

mortality in COVID-19 patients. It may be used at bedside for earlier identification of in-

hospital mortality risk and, thus, inform clinical decisions and the assignment to the 

appropriate level of care and treatment for COVID-19 patients.  
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Table 1. Demographic and clinical characteristics for derivation and validation cohorts of patients admitted to hospital with COVID-19 

Characteristics  

Derivation cohort (n=3,978) Brazilian validation cohort (n=1,054) Spanish validation cohort (n=856) 

Frequency (%) or 

median (IQR) 

Non missing 

cases (%) 

Frequency (%) or 

median (IQR) 

Non missing 

cases (%) 

Frequency (%) or 

median (IQR) 

Non missing cases (%) 

In hospital mortality    806 (20.3%) 3,978 (100%)  208 (19.7%)   1,054 (100%)  172 (20.1%) 856 (100%) 

Age (years)  60.0 (48.0, 72.0)  3,978 (100%)  62.0 (48.2, 73.0)  1,054 (100%)  62.0 (49.0, 74.0) 856 (100%) 

Sex at birth    3,976 (99.9%)    1,054 (100%)    856 (100%) 

   Male 2,138 (53.8%)    582 (55.2%)    498 (58.2%)   

Comorbities       

Hypertension  2,147 (54.0%)  3,978 (100%)  563 (53.4%)  1,054 (100%)  377 (44.0%) 856 (100%) 

Coronary artery disease  215 (5.4%)  3,978 (100%)  60 (5.7%)  1,054 (100%)  65 (7.6%) 856 (100%) 

Heart failure   269 (6.8%)  3,978 (100%)  58 (5.5%)  1,054 (100%)  46 (5.4%) 856 (100%) 

Atrial fibrillation or flutter   139 (3.5%)  3,978 (100%)  27 (2.6%)  1,054 (100%)  89 (10.4%) 856 (100%) 

Stroke  146 (3.7%)  3,978 (100%)  43 (4.1%)  1,054 (100%)  42 (4.9%) 856 (100%) 
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COPD  253 (6.4%)  3,978 (100%)  60 (5.7%)  1,054 (100%)  48 (5.6%) 856 (100%) 

Diabetes mellitus  1,151 (28.9%)  3,978 (100%)  297 (28.2%)  1,054 (100%)  151 (17.6%) 856 (100%) 

Obesity (BMI>30kg/m2)  696 (17.5%)  3,978 (100%)  181 (17.2%)  1,054 (100%)  202 (23.6%) 856 (100%) 

Cirrhosis  25 (0.6%)  3,978 (100%)  9 (0.9%)  1,054 (100%)  5 (0.6%) 856 (100%) 

Cancer  194 (4.9%)  3,978 (100%)  65 (6.2%)  1,054 (100%)  35 (4.1%) 856 (100%) 

Number of comorbidities    3,978 (100%)    1,054 (100%)    856 (100%) 

  0  1,189 (29.9%)    309 (29.3%)   325 (38.0%)   

  1    1,173 (29.5%)    328 (31.1%)   222 (25.9%)   

  2  1,013 (25.5%)    269 (25.5%)   167 (19.5%)   

  3  429 (10.8%)    106 (10.1%)   91 (10.6%)   

  4  131 (3.3%)    33 (3.1%)   34 (4.0%)   

   5  43 (1.1%)  9 (0.9%)  17 (2.0%)  

Clinical assessment at 

admission 
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SF ratio 428.6 (332.1, 452.4)  3,845 (96.7%)  433.3 (339.3, 452.4)  1,034 (98.1%)  457.1 (423.8, 466.5) 842 (98.4%) 

Respiratory rate (irpm)  20 (18, 24)  3,236 (81.3%)  20 (18, 24)  870 (82.5%)  20 (18, 26) 452 (92.3%) 

Heart rate (bpm)  88 (78, 100)  3,787 (95.2%)  88 (77, 100)  1,020 (96.8%)  93 (80, 105) 842 (98.4%) 

Glasgow coma score  15 (15, 15)  3,695 (92.9%)  15 (15, 15)  982 (93.2%)  15 (15, 15) 838 (97.9%) 

Systolic blood pressure    3,762 (94.6%)    1,014 (96.2%)    843 (98.5%) 

    90 (mm Hg)  3,076 (81.8%)    825 (81.4%)    829 (98.3%)  

   < 90 (mm Hg)  510 (13.6%)    146 (14.4%)    14 (1.7%)   

   Inotrope requirement 176 (4.7%)    43 (4.2%)    0  

Diastolic blood pressure    3,776 (94.9%)    1,022 (97.0%)    842 (98.4%) 

   > 60 (mm Hg)  3,541 (93.8%)    962 (94.1%)    712 (84.6%)  

     60 (mm Hg)  59 (1.6%)    17 (1.7%)    130 (15.4%)   

   Inotrope requirement 176 (4.7%)    43 (4.2%)    0  

Laboratory parameters       

Hemoglobin (g/L)  13.3 (12.1, 14.4)  3,871 (97.3%)  13.3 (11.9, 14.5)  1,021 (96.9%)  13.4 (12.2, 14.6) 851 (99.4%) 
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Platelet count (109/L)  196.0 (154.0, 257.0)  3,824 (96.1%)  203.0 (154.0, 260.2)  1,016 (96.4%)  188.0 (149.0, 243.0) 851 (99.4%) 

NLR   4.7 (2.8, 7.8)  3,759 (94.5%)  4.9 (3.0, 8.4)  989 (93.8%)  NA NA 

Lactate (mmol/L) 1.4 (1.1, 1.9)  2,742 (68.9%)  1.5 (1.2, 2.1)  720 (68.3%)  NA NA 

C-reactive protein (mg/L)  77.0 (38.0, 143.0)  3,487 (87.7%)  74.1 (33.8, 143.0)  881 (83.6%)  98.4 (41.8, 186.3) 581 (67.9%) 

BUN (mg/dL)  16.3 (11.5, 24.3)  3,636 (91.4%)  17.3 (12.9, 25.2)  942 (89.4%)  16.8 (12.1, 25.2) 653 (76.3%) 

Creatinine (mg/dL)  0.9 (0.8, 1.2)  3,765 (94.6%)  1.0 (0.8, 1.3)  967 (91.7%)  0.8 (0.7, 1.1) 847 (98.9%) 

Sodium (mmol/L)  137.0 (135.0, 140.0)  3,550 (89.2%)  137.0 (134.3, 140.0)  930 (88.2%)  136.1 (134.0, 138.0) 846 (98.8%) 

Bicarbonate (mEq/L) 23.0 (21.0, 25.0)  3,222 (81.0%)  23.0 (20.6, 25.0)  807 (76.6%)  NA NA 

pH 7.4 (7.4, 7.5)  3,232 (81.2%)  7.4 (7.4, 7.5)  808 (76.7%)  NA NA 

pO2 (mmHg) 75.0 (63.0, 96.0)  3,183 (80.0%)  73.4 (63.0, 94.6)  800 (75.9%)  NA NA 

pCO2 (mmHg) 35.0 (31.3, 39.0)  3,194 (80.3%)  34.0 (30.0, 38.0)  801 (76.0%)  NA NA 

BMI: body mass index; BUN: blood urea nitrogen; COPD: chronic obstructive pulmonary disease; NA: not available; NLR: neutrophils-to-lymphocytes ratio; SF ratio: SpO2/FiO2 ratio 
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Table 2. ABC2-SPH Score for in-hospital mortality in patients with COVID-19 

 Variable ABC2-SPH score 

A Age (years) 

     < 60 0 

    60 - 69 1 

    70 - 79 3 

     80 5 

B Blood urea nitrogen 

(mg/dL)*  

    < 42 0 

     42 3 

C2 Comorbidities 

     0 – 1 0 

     2 1 

 C reactive protein (mg/L)  

    < 100 0 

     100 1 

S SF ratio (%)  

    > 315 0 

    >235 – 315 1 
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    >150 – 235 3 

     150 6 

P Platelet count (x10
9
/L) 

     > 150 0 

    100 -150 1 

    < 100 2 

H Heart rate (bpm) 

      90 0 

    91 – 130 1 

     131 2 

* When converted to urea, the cut-off is 90 mg/dL. 

 

Table 3. Predicted mortality and mortality rates for ABC2-SPH Score risk groups 

Risk Group 
Predicted 

mortality 

Derivation cohort Validation cohort 

No of 

patients 
No of deaths (%) 

No of 

patients 
No of deaths (%) 

Low (0-1) < 6% 1133 23 (2.0%) 290 1 (0.3%) 

Intermediate (2-4) 6 - 14.9% 1470 168 (11.4%) 394 47 (11.9%) 

High (5-8) 15 - 49.9% 907 290 (32.0%) 252 73 (29.0%) 

Very high (9)   468 325 (69.4%) 118 87 (73.7%) 

Overall  - 3978 806 (20.3%) 1054 208 (19.7%) 
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Table 4. Discrimination and model overall performance in derivation and validation cohorts 

Model  

Derivation cohort Brazilian validation Cohort 

AUROC (95%CI) Brier Score AUROC (95%CI) Brier Score 

GAM 0.884 (0.879; 0.888) 0.101 0.871 (0.862; 0.879) 0.102 

LASSO 0.844 (0.842; 0.846) 0.115 0.859 (0.855; 0.862) 0.110 

ABC2-SPH 0.842 (0.840; 0.843) 0.114 0.857 (0.854; 0.860) 0.108 

GAM: generalized additive models; LASSO: least absolute shrinkage and selection operator logistic 

regression 
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Table 5. Main characteristics of the studies 
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Study Study design Patient time span 
Country of 

derivation 

Country of 

validation 

Sample 

size (n) 

Develoment 

sample (n) (for 

mortality) 

Validation 

sample (n) 

(for 

mortality) 

Develoment population Validation population 

Halalau
63

 
Retrospective 

cohort 

March 1, 2020 to 

April 1, 2020 

United States 

of America 

United States 

of America 
2025 Not clear 1290 Not clear 

Confirmed SARS-CoV-2 

patients who required 

hospital admission at 8 

hospitals in Beamount, 

excluding patients who 

remained hospitalized 

beyond May 12, 2020  

Fumagalli9 
Retrospective 

cohort 

February 22, 2020 

to April 10, 2020 
Italy Italy 516 516 NA 

Consecutive adult patients with 

COVID-19 from 2 Italian tertiary 

hospitals 

  

Knight
25

 
Prospective 

cohort 

May 21, 2020 to 

June, 29 2020 

England, 

Scotland, and 

Wales 

England, 

Scotland, and 

Wales 

57824 35463 22361 

Consecutive adult patients with 

COVID-19 from 260 hospitals, 

admitted up to May 20, 2020 

The same as the 

development population, 

admitted after May 20, 

2020 

Liang38 
Retrospective 

cohort 

November 21, 

2019 to January 

31, 2020 

China China 2300 1590 710 

Patients with COVID-19 from 

575 hospitals in 31 provincial 

administrative regions 

Data from hospitals not 

included in the 

development cohort 

Nicholson45 
Retrospective 

cohort 

First patient to 

May 19, 2020 

United States 

of America 

United States 

of America 
1042 578 464 

Consecutive adult patients with 

laboratory-confirmed COVID-19 

patients from Mass General 

Brigham hospitals 
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Garibaldi68 
Retrospective 

cohort 

March 4, 2020 to 

April 24, 2020, 

with follow-up 

through June 27, 

2020 

United States 

of America 

United States 

of America 
832 832 NA 

Consecutive confirmed COVID-

19 patients from 5 hospitals 

(John Hopkins Medicine) 

  

Sourij69 

Prospective 

and 

retrospective 

cohort 

April 15, 2020 to 

June 30, 2020 
Austria NA 238 238 NA 

Adult patients with confirmed 

COVID-19 and diabetes or pre-

diabetes 

NA 

Gavelli
62

 

Retrospective 

single-center 

cohort 

March 16, 2020 to 

April 22, 2020 
Italy Italy 480 

Apparently, it 

was developed 

by expert 

consensus 

480 NA 

Adult patients with 

confirmed COVID-19 

patients admitted to one 

university hospital 

Kazemi
70

 
Retrospective 

cohort 

February 25, 2020 

to April 25, 2020 
Iran NA 91 91 NA 

Adult patients with confirmed 

COVID-19 who had undergone 

CT scan <8 days from the 

beginning of symptoms, 

excluding the ones with RT-PCR 

more than 7 days from CT. CT 

score developed not based on 

the data. Authors tested CT 

score and clinical variables in a 

model  

NA 

Núñez-Gil
71

 
Retrospective 

cohort 

February 8, 2020 

to April 1, 2020 
 Spain and Italy NA 908 908 NA 

Patients with confirmed COVID-

19 from centers in Italy (n=88) 

and Spain (n=820) 
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Allenbach13 

Prospective 

single-center 

cohort 

March 16, 2020 to 

April 4, 2020 
France France 152 152 131 

Adult patients with confirmed 

COVID-19 from one tertiary care 

university hospital 

Not described 

Kim14 

Retrospective 

single-center 

cohort 

February 19, 2020 

to March 15, 2020 
Korea NA 38 38 NA 

Adult patients with confirmed 

COVID-19 admitted to a tertiary 

university hospital 

NA 

Altschul60 

Retrospective 

single-center 

cohort 

March 1, 2020 to 

April 16, 2020 

United States 

of America 

United States 

of America 
4711 2355 2356 

Patients with confirmed COVID-

19 from an academic hospital 

The same as the 

development population 

(spitted 50/50%, 

apparently by admission 

date) 

Hajifathalian
41

 
Retrospective 

cohort 

March 4, 2020 to 

April 9, 2020 

United States 

of America 

United States 

of America 
929 664 265 

Adult patients with confirmed 

COVID-19 patients presenting to 

emergency department of 2 

hospitals in Manhattan (did not 

exclude patients who were 

discharged within 24 hours) 

Adult patients with 

confirmed COVID-19 

patients presenting to 

emergency department 

of 9 hospitals in 

Massachusetts (did not 

exclude patients who 

were discharged within 

24 hours) 

Wang
12

 

Retrospective 

single-center 

cohort 

January 28, 2020 

to March 4, 2020 
China China 243 199 44 

Adult patients with confirmed 

COVID-19 from one university 

hospital 

The same as the 

development population 

(the criteria used to 

divide patients in training 

and testing sets was not 

clear) 
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Zhou15 

Retrospective 

single-center 

cohort 

January 12, 2020 

to February 26, 

2020 

China NA 118 118 NA 

Elderly patients (>60 years) with 

"clinically diagnosed" COVID-19 

(RT-PCR or chest CT) from one 

university hospital 

NA 

Goméz72 

Retrospective 

single-center 

cohort 

February 24, 2020 

to March 16, 2020 
Spain NA 163 163 NA 

Adult patients with suspected 

COVID-19 admitted to one 

university hospital 

NA 

Galloway64 
Retrospective 

cohort 

March 24, 2020 to 

April 17, 2020 
England NA 1157 1157 NA 

Patients with confirmed COVID-

19 from 2 academic hospitals 
NA 

Bello-

Chavolla73 

Registry data 

from na open 

source 

database 

from the 

Mexican 

Ministry of 

Health 

First patient up to 

May 18, 2020 
Mexico Mexico 51633 41307 10326 

Patients with confirmed COVID-

19 from the open source 

Mexican Ministry of Health 

database (inpatients and 

outpatients) 

The same as the 

development population 

(split by random sampling 

stratified by mortality 

status) 

Weng46 
Retrospective 

cohort 

January 1, 2020 to 

February 15, 2020 
China China 301 176 125 

Adult patients with laboratory-

confirmed COVID-19 from 2 

hospitals 

The same as the 

development population 

(the criteria used to 

divide patients in training 

and testing sets was not 

clear) 

Ko46 
Retrospective 

cohort 

Development 

cohort: January 10, 

2020 to February 

China China 467 361 106 
Patients with COVID-19 (not 

clear if laboratory-confirmed) 

from one hospital, excluding 14 

Patients with COVID-19 

(not clear if (laboratory-

confirmed) from 3 

                  



 59 

24, 2020; 

Validation cohort: 

February to July 

2020 

patients without a blood test 

within 1 day after the hospital 

admission 

hospitals 

Xie
36

 
Retrospective 

cohort 

January and 

February 2020 
China China 444 299 145 

Patients with confirmed COVID-

19 from one hospital in Wuhan 

who had been discharged or 

died 

Patients with confirmed 

COVID-19 from another 

hospital in Wuhan, 

excluding 6 patients who 

died quickly 

 Yoo74 
Retrospective 

cohort 

March 1, 2020 to 

April 28, 2020 

United States 

of America 

United States 

of America 
4.840 1.613 1.614 

Adult patients with confirmed 

COVID-19 from 5 hospitals, up to 

99 years-old. The sample was 

randomly split in 3 datasets, the 

second one was used for 

development 

The same as the 

development population: 

andomly split in 3 

datasets, the third one 

was used for validation  

 Zhang37 
Retrospective 

cohort 
Not reported China 

United 

Kingdom 
1001 775 226 

Adult patients with confirmed 

COVID-19 from one hospital  

Adult patients with 

confirmed COVID-19 from 

another hospital  

Yadaw
75

 

Retrospective 

and 

prospective 

cohort 

March 9, 2020 

toApril 7, 2020 

United States 

of America 

United States 

of America 
5051 3841 961 

Inpatients and outpatients 

(including those attended by 

telehealth) with confirmed 

COVID-19 from the Mont Sinai 

Health System (8 hospitals and 

over 400 ambulatory practices) 

until April 6, 2020 

The same as the 

development population 

(randomly split 80/20%) 

and patients admitted to 

Mont Sinai Hospitals who 

were included in the 

database (with the 

outcome) on April 7, 2020 
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Shang50 
Retrospective 

Cohort 

January 1, 2020 to 

March 27,2020 
China China 452 113 339 

Consecutive patients with 

confirmed COVID-19 from 2 

hospitals in Wuhan, who had 

severe or critical illness  

The same definition as 

the development 

population, but from a 

third hospital in Wuhan 

Faisal76 Registry data 
March 11, 2020 to 

June 13, 2020 

United 

Kingdom 

United 

Kingdom 
6444 3924 2520 

Consecutive adult non-elective 

or emergency medical 

admissions (COVID-19 and non-

COVID-19 patients) from one 

hospital, who were discharged 

over a course of three months 

and had electronic NEWS2 

recorded 

Consecutive adult non-

elective or emergency 

medical admissions 

(COVID-19 and non-

COVID-19 patients) from 

another hospital, who 

were discharged over a 

course of three months 

and had electronic 

NEWS2 recorded 

Mei77 
Retrospective 

cohort 

January 21, 2020 

to February 27, 

2020 

China China 492 237 

Validation 1 = 

120 and 

validation 2 = 

135 

Adult patients with confirmed 

COVID-19, diagnosed with 

pneumonia by CT scan, from one 

hospital in Wuhan. Patients who 

died within the first 24 hours, 

with not clinical outcome 

available or who refused to 

participate were excluded 

The same as the 

development population, 

from other 3 hospitals 

Zhang
7
 

Retrospective 

cohort 

January 12, 2020 

to February 9, 

2020 

China China 828 516 312 
Adult patients with confirmed 

COVID-19 from one hospital 

Adult patients with 

confirmed COVID-19 from 

the same hospital in a 

different time span 

(February 8-9, 2020) and 
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from another hospital 

Lu78 

Retrospective 

single-center 

cohort 

January 21, 2020 

to February 5, 

2020 

China NA 577 577 NA 

Patients with confirmed or 

suspected COVID-19 from one 

hospital 

NA 

Soto-Mota79 
Retrospective 

Cohort 

April 30, 2020 to 

May 20, 2020 
Mexico NA 400 

Score developed 

by consensus 
400 NA 

Consecutive patients with 

confirmed COVID-19 from 

12 hospitals, with 

complete clinical 

information and outcome 

Yan
80

 
Retrospective 

cohort 

Development 

cohort: January 10, 

2020 to February 

18, 2020; 

Validation cohort: 

February 19-24, 

2020 

China China 485 375 110 

Adult patients with COVID-19 

(not clear if patients had 

laboratory-confirmed disease),  

from one hospital, excluding 

patients with >20% missing 

values and breast-feeding 

women 

The same as the 

development population, 

admitted after February 

18, 2020 

Williams 
81

 
Retrospective 

cohort 

Development 

cohort: any time 

prior to 2020;  

validation cohort: 

January 1st 2020 

to April 20, 2020 

United States 

of America, 

South Korea, 

Spain, 

Australia, 

Japan, 

Netherlands 

South Korea, 

Spain, United 

States of 

America 

2.126.78

4 
2,082,277 44.507 

Healthcare database of 6 

countries, in which adult 

patients with GP, EP or OP visit 

with influenza or flu-like 

symptoms, at least 365 days of 

prior observation, and no 

symptoms in the preceding 60 

days 

Adult patients with 

confirmed with COVID-19, 

presenting at an initial 

healthcare provider 

interaction in a GP, ER or 

OP visit, and who had no 

diagnosis of influenzae or 

pneumonia and no flu-

like symptoms in the 

                  



 62 

preceding 60 days 

Gue82 

Retrospective 

single-center 

cohort 

March 10, 2020 to 

May 30, 2020 

United 

Kingdom 
NA 316 316 NA 

Consecutive patients with 

confirmed COVID-19 from a 

general hospital, who had 

clinical symptoms at admission 

NA 

Das83 
Retrospective 

cohort 

January 20, 2020 

to May 30, 2020. 
South Korea South Korea 3.524 3.524 NA 

 

Data shared by Korea Centers 

for Disease Control and 

Prevention, from 17 provinces. 

Patients with confirmed COVID-

19, with availability of 

demographic, exposure and 

diagnosis confirmation features 

along with the outcome 

NA 

Levy54 

Retrospective 

and 

prospective 

cohort 

March 1, 2020 to 

May 12, 2020 

United States 

of America 

United States 

of America 
8391 6162 2229 

Adult patients with confirmed 

COVID-19 from 11 acute care 

hospitals in New York, from 

March 1, 2020 to April 23, 7 

2020. Patients  were excluded if 

they were still in the hospital at 

the study end point with a 

length of stay less than 7 days; if 

they were transferred to a 

hospital outside of the health 

system and their outcomes were 

unknown; or if they expired but 

were not marked as discharged 

The same as the 

development cohort from 

another hospital in New 

York from March 1, 2020 

to May, 7 2020, and all 12 

hospitals from April 24, 

2020 to May 6, 2020. 
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in the EH 

Chen84 
Retrospective 

cohort 

The first patient to 

January 31, 2020 
China China 1590 1590 NA 

Patients with confirmed COVID-

19 from 575 hospitals 

throughout China, excluding 

cases with incomplete medical 

records (20.8%) 

NA 

Sarkar85 Registry data 

13th January, 2020 

to 28th February, 

2020 

22 countries in 

Asia, Australia, 

Europe and 

North America 

NA 115 115 NA 

Open source databased of 

COVID-19 patients (inclusion 

criteria is not clear) 

NA 

Hu
51

 
Retrospective 

cohort 

28 January 2020 

and 11 March 

2020 

China China 247 183 64 

Patients with severe confirmed 

COVID-19 infection admitted to 

one hospital in Wuhan. patients 

who had >10% missing values, 

stayed in the hospital <7 days, 

were afflicted by a severe 

disease before admission (e.g. 

cancer, aplastic anaemia or 

uraemia), were unconscious at 

admission or were directly 

admitted to the intensive care 

unit (ICU) were excluded 

The same as the 

development population, 

admitted at another 

hospital 
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Table  5. Continued 

Study Model outcome 
Outcome 

time 

Original 

modelling 

approach 

Imputation 
Use of AI 

techniques 

Was a score 

produced? 

Number of 

variables were 

tested in the 

development 

cohort 

Univariate 

analysis 

How many 

patients died in 

the development 

dataset? 

Halalau63 

Hospital 

admission and in-

hospital mortality 

In-hospital 

Multivariate 

logistic 

regression 

No No Yes Not clear No Not clear 

Fumagalli
9
 Mortality In-hospital 

Cox regression 

analysis 
No No Yes 20 Yes 120 

Knight25 Mortality In-hospital 
LASSO logistic 

regression 

Yes. Multiple imputation 

with chained equations 
Yes. ML 

Yes (4C mortality 

score) 
21 No 11426 

Liang
38

 

Composite of ICU 

admission, need 

of invasive 

mechanical 

ventilation or 

death 

In-hospital 
LASSO logistic 

regression 

Yes (if <20%). Predictive 

mean matching to impute 

numeric features, logistic 

regression to impute 

binary variables, and 

Bayesian polytomous 

regression to impute 

factor features 

No Yes (COVID-GRAM) 72 No 51 (3.2%) 

Nicholson45 Need of 

mechanical 
In-hospital Multivariate 

logistic 
No No Yes: one to predict 

ventilation need (VICE 
49 Yes Not reported 
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ventilation and in-

hospital mortality 

regression score) and another 

one for death (DICE 

score) 

Garibaldi
68

 

In-hospital 

mortality and a 

composite of 

disease severity 

(WHO scale) or in-

hospital mortality 

In-hospital 
Cox regression 

analysis 

Yes. Imputed missing 

values by chained 

equations (MICE) with 

predictive mean matching 

Yes. NLP was 

used to 

identify 

presenting 

symptoms 

Yes: COVID-19 

Inpatient Risk 

Calculator (CIRC) 

24 No 131 

Sourij
69

 Mortality In-hospital 

Multivariate 

logistic 

regression 

No No Yes Not clear Yes 58 

Gavelli
62

 

In-hospital 

mortality and in-

hospital clinical 

stability 

In-hospital 

Multivariable 

logistic 

regression and 

Cox 

Regression 

Hazard 

models 

No No Yes (NOVARA score) NA No NA (consensus) 

Kazemi70 Mortality In-hospital 

Multivariate 

logistic 

regression 

No No 

Yes (authors created a 

CT score not based on 

the data) 

Not available No 11 

Núñez-Gil71 Mortality In-hospital 

Multivariate 

logistic 

regression 

No No Yes Not clear Yes 311 
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Allenbach13 

Composite of ICU 

admission or 

death 

14 days 

Multivariate 

logistic 

regression 

No No Yes 42 Yes 32 

Kim14 Mortality In-hospital Consensus No No Yes 3 No 7 

Altschul60 Mortality In-hospital 

Multivariate 

logistic 

regression 

No No Yes Not clear Yes 621 

Hajifathalian41 Mortality 
7 days and 

14 days 

Multivariable 

logistic 

regression 

Yes. Imputation by chained 

equations 
No Yes (COVID-AID) 38 Yes 93 

Wang12 Mortality 28 days 

Multivariable 

logistic 

regression 

No No Yes (FAD-85) 41 No 24 

Zhou
15

 Mortality In-hospital 

Multivariable 

logistic 

regression 

No No Yes (NLAUD) 37 No 51 

Goméz72 Mortality 30 days 

Multivariable 

logistic 

regression 

No No Yes (COVEB) 20 No 33 

Galloway64 

Composite of 

transfer to ICU or 

death 

In-hospital 
LASSO logistic 

regression 
No No Yes 19 No 244 

Bello- Mortality 30 days Cox 

proportional 
No No Yes 12 No 4276 
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Chavolla73 risk regression 

analysis 

Weng46 Mortality In-hospital 
LASSO logistic 

regression 

Yes, for variables with 

<10% missing values (>10% 

were excluded from model 

development). RF. 

No Yes (ANDC) 24 No 21 

Ko46 Mortality In-hospital 

Machine 

learning 

techniques 

Yes, imputed with mean 

values for development 

and trainig datasets 

Yes, DLN 

and RF 

model 

Yes (EDRnet) 73 Yes 212 (58.7%) 

Xie36 Mortality In-hospital 

Multivariate 

logistic 

regression 

No No Yes 28 No 155 

 Yoo74 Mortality In-hospital 

Gray`s K-

sample tests, 

DeLong's test 

No No Yes 48 Yes Not reported 

 Zhang37 

Death and poor 

outcome 

(developing ARDS, 

receiving 

intubation ou 

ECMO treatment, 

ICU admission or 

death) 

In-hospital 
LASSO logistic 

regression 
No No Yes (DCS, DCSL, DL) 19 No 33 (4.3%) 
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Yadaw
75

 Mortality In-hospital 

Artificial 

inteligence 

techniques 

Yes, using means 

Yes. 

Recursive 

feature 

elimination 

method for 

feature 

selection, 

and logistic 

regression, 

SVM, RF 

model, and 

XGBoost 

algorithms 

for 

prediction 

Yes (17F and 3F 

models) 
17 No 313 (8.15%) 

Shang50 Mortality In-hospital 
LASSO logistic 

regression 

Yes, multiple imputation 

methods for variables with 

<10% missing values 

No Yes (CSS score) 52 No 49 

Faisal76 Mortality In-hospital 

Multivariable 

logistic 

regression 

No No 
Yes (CARMc19_N and 

CARMc19_NB) 
Not clear No 323 

Mei
77

 Mortality In-hospital 
LASSO logistic 

regression 
No No Yes 43 No 105 

Zhang
7
 Mortality 

14 days 

and 28 

days 

Cox regression 

analyses 

Yes. Multiple imputations 

(method not reported) 
No Yes 30 No 96 
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Lu78 Mortality 12 days 
Cox regression 

analysis 
No No Yes Not clear Yes 39 

Soto-Mota79 Mortality In-hospital Consensus No No Yes (LOW-HARM) NA No 200 (50%) 

Yan80 Mortality In-hospital 

Machine 

learning 

techniques 

No 

Yes, 

XGBoost 

machine 

learning 

algorithm 

Yes 75 No 174 

Williams 81 

 Hospitalization 

with pneumonia, 

hospitalization 

with pneumonia 

requiring 

intensive services 

or death and 

death in the 30 

days after index 

date 

In-hospital 

and 30 

days after 

index rate 

LASSO logistic 

regression 
No 

Yes, ML 

(train-test-

split) 

Yes, 3 scores (COVER-

F for death) 
31.917 No 11407 

Gue82 Mortality 30 days 

Multivariable 

logistic 

regression 

No No 
Yes (COVID-19 

Mortality Socre) 
15 No 145 

Das
83

 Mortality In-hospital 

Logistic 

regression and 

machine 

learning 

No 

Yes. SVM, K 

nearest 

neighbor, 

RFM and 

gradient 

Yes (CoCoMoRP) 4 No 74 
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techniques boosting 

Levy54 Mortality 7 days 
LASSO logistic 

regression 

Yes, imputation of means. 

Variables with >50% 

missing values were 

excluded. 

No 
Yes (NOCOS 

Calculator) 
42 No Not clear 

Chen84 Mortality 
14, 21 and 

28 days 

Multivariate 

Cox regression 

analysis  

No No Yes (nomogram) 37 No 50 

Sarkar85 Mortality In-hospital 

Machine 

learning 

techniques 

No 

Yes, RF 

classification 

algorithm 

Yes 6 No 37 

Hu
51

 Mortality In-hospital 
LASSO logistic 

regression 

Yes, using bagging tree. 

Variables with >30% 

missing values were 

excluded 

Yes. Logistic 

regression, 

PLS 

regression, 

EN model, 

random 

forest and 

bagged 

flexible 

discriminant 

analysis 

(FDA). 

Yes 51 No 68 
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Table 5. Continued 

Study 
Variables included in the final model 

(for mortality) 

External 

validation 

How are 

predictors 

combined? 

AUC in 

derivation 

cohort  

AUC in 

validation 

cohort 

Limitations 

Halalau
63

 

Age, male sex, congestive heart failure, 

end-stage renal disease, chronic 

pulmonary disease, DM, hypertension, 

obesity, nursing home residence, 

immunocompromised status, 

congenital heart disease, coronary 

artery disease, end-stage liver disease 

and pregnancy 

Yes 
Points-based 

score 
Not available 

0.75 (0.71 – 

0.78) 

Selection bias: Excluded patients who were hospitalized 

beyond May 12, 2020. Data on how the score was 

developed not reported. Absence of an initial validation 

cohort. Uniform scoring weights of different risk factors. 

Complete case analysis. 

Fumagalli9 

Age, number of comorbidities (CV 

disease, hypertension, DM, depression, 

dementia and cancer), respiratory rate, 

PaO2/FiO2, serum creatinine and 

platelet count obtained on admission 

No 
Points-based 

score 

0.90 (0.87 - 

0.93) 
NA 

Modest sample size. No external validation. Variables 

were selected by univariate analysis. Complete case 

analysis. 

Knight
25

 

Age, sex, number of comorbidities 

(chronic cardiac disease, chronic 

respiratory disease excluding asthma, 

chronic renal disease defined as 

estimated glomerular filtration rate 

≤30, mild to severe liver disease, 

dementia, chronic neurological 

conditions, connective tissue disease, 

DM, HIV or AIDS, and malignancy), 

respiratory rate, SpO2, level of 

Yes 
Points-based 

score 

0.786 (0.781 - 

0.790) 

0.767 (0.760 - 

0.773) 

Several potentially relevant comorbidities, such as 

hypertension, previous myocardial infarction, and stroke, 

were not included in data collection. The authors 

considered that inclusion of these comorbidities might 

have impacted upon or improved the performance and 

generalizability of the 4C Mortality Score. Secondly, a 

proportion of recruited patients (3.3%) had incomplete 

episodes, so there is a possibility of selection bias, if 

patients with incomplete episodes, such as those with 

prolonged hospital admission, had a differential mortality 
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consciousness, urea and CPR obtained 

on admission 

risk to those with completed episodes. 

Liang
38

 

Chest radiographic abnormality, age, 

hemoptysis, dyspnea, unconsciousness, 

number of comorbidities (COPD, 

hypertension, DM, coronary heart 

disease, chronic kidney disease, cancer, 

cerebrovascular disease, hepatitis B, 

immunodeficiency), cancer history, 

neutrophil-to-lymphocyte ratio, lactate 

dehydrogenase and direct bilirubin 

obtained on admission 

Yes 
Logistic 

Regression 

0.88 (0.85 - 

0.91) 

0.88 (0.84 - 

0.93) 

Modest sample size for score development and a 

relatively small sample for validation. The data for score 

development and validation are entirely from China, 

which could potentially limit the generalizability of the 

risk score in other areas of the world. Mortality was quite 

low (3.2%). Apparently, patients with cancer should gain 

points for both cancer history and number of 

comorbidities, not clear. 

Nicholson
45

 

Age, sex, diabetes mellitus, chronic 

statin use, albumin, C-reactive protein, 

neutrophil-lymphocyte ratio, mean 

corpuscular volume, platelet count, and 

procalcitonin obtained on admission 

Yes 
Logistic 

Regression 

0.87 (0.83 – 

0.91) 

0.80 (0.75 – 

0.85) 

Modest sample sizes in both our derivation and validation 

cohorts. The number of events on the derivation and 

validation cohort separately was not informed (211 in 

total). Variables were selected by univariate analysis. 

Complete case analysis. 

Garibaldi
68

 

Age, nursing home residence, sex, BMI, 

Charlson Comorbidity Index, SaO2/FiO2 

ratio obtained on admission 

No 

Cox 

regression 

analysis 

Not available Not available 

Modest sample size. No external validation. Too many 

variables tested in the model for the number of events 

(24/131). To try to overcome that, authors tested 

variables "in blocks" 

Sourij
69

 Age, arterial occlusive disease, CRP, 

estimated GFR and aspartate AST levels 
No Nomogram 

0.889 (0.837 - 

0.941) 
NA 

Small sample size and number of events. Number of 

variables tested not clear. Complete case analysis, and 

predictors with >20% missing values were excluded. No 
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obtained on admission external validation 

Gavelli
62

 

Presence of comorbidity (any disease 

on active therapy), SpO2 and 

respiratory rate after a trial of 15 

minutes with oxygen at a FiO2 0.5  

No 
Points-based 

score 
NA Not reported 

Score developed by consensus. Modest sample size. 

Number of events is not clear. Single-center study. No 

external validation. AUC and accuracy not presented. 

Kazemi70 

Age, sex, comorbidity (cardiovascular 

and pulmonary), diffused distribution of 

CT abnormality, total CT-score and 

dyspnea at admission 

No 
Logistic 

Regression 

0.73 (95% CI 

not reported) 
NA 

Small sample size and number of events. Too many 

variables tested for the low number of events. 

Comorbidities were not well defined, percentage of 

involvement included in CT score is subjective and 

peripheral involvement is not well defined. Complete 

case analysis. High risk of selection bias: All 3 hospitals 

were referral centers for COVID-19 patients, so it is 

possible that the overall CT- score of the patients in this 

study would not be representative of the general 

population 

Núñez-Gil
71

 

Age, hypertension, obesity, renal 

insufficiency, any immunosuppressive 

condition, SpO2, CRP obtained on 

admission 

No 
Points-based 

score 

0.88 (0.85 – 

0.91) 
NA 

No external validation. Variables were selected by 

univariate analysis. Complete case analysis. Variables 

included in the model not clearly defined. Authors 

reported that some incident events in the participating 

centers may not have been diagnosed and/or not been 

reported. The data analysis and modeling focused on only 

two countries (Italy and Spain) of the four initially 

considered, since as previously mentioned heterogeneity 

among countries with regard to clinical features and 

death-risk assessment could limit the representative 

nature of the sampling.  
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Allenbach13 

Age, WHO clinical scale, CRP and 

lymphocytes count obtained on 

admission 

No 

Points-based 

score (but 

AUC 

presented 

based on the 

logistic 

regression 

model) 

0.786 for the 

composite 

outcome and 

0.803 for death 

(after 

correction for 

over-optimism; 

IC95% not 

reported) 

0.787 for the 

composite 

outcome and 

0.827 for death 

(after 

correction for 

over-optimism; 

IC95% not 

reported) 

Small sample size of both development and validation 

samples. Too many predictors tested for a small number 

of events.  Complete case analysis. External validation 

sample not described. The external sample consisted of 

patients from a regional non-university hospital, which 

could explain the differences on catchment area and 

patient recruitment. In the acute context of the first 

SARS-CoV-2 epidemic wave in France, we relied on a 

sample prospectively defined by consecutive eligible 

patients in the study center.  

Kim14 

Myocardial damage marker (creatine 

kinase-MB [CK-MB] or troponin-I > the 

99th percentile upper reference limit) + 

Heart failure marker (NT-proBNP ≥ 125 

pg/mL) + Electrical abnormality marker 

(first detected or newly developed 

supraventricular tachycardia, 

ventricular tachycardia, ventricular 

fibrillation, atrial fibrillation, bundle 

branch block, ST-segment 

elevation/depression, T-wave 

flattening/inversion, and QT interval 

prolongation on ECG) 

No 
Points-based 

score 
Not reported NA 

Score developed by consensus. Small sample size and 

small number of events. Accuracy not assessed. The 

protocol for the evaluation of cardiac injury was not 

controlled. The attending physician decided each category 

of the test according to the patient's condition at the time 

of the management. When the test was not performed, it 

is assumed as a negative result because the physician 

considered it as an unnecessary test or the result might be 

negative.  

Altschul
60

 

Age, sex, SpO2, MAP, INR, creatinine, 

BUN,  interleukin-6 (IL-6), CRP and 

procalcitonin obtained on admission 

Yes 
Points-based 

score 

0.824 (0.814 to 

0.851) 

0.798 (0.789 to 

0.818) 

Complete case analyses, variables selected by univariate 

analyses 

Hajifathalian41 Age, mean arterial pressure, serum Yes Multivariate 7 days: 0.877 7 day (0.851 Modest sample size for development and validation, less 
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creatinine and severity of hypoxia at 

hospital presentation. 

logistic 

regression 

(95%CI 0.831–

0.923); 14 

days: 0.847 

(95%CI 0.806–

0.888) 

[0.781 to 

0.921]); 14 day 

(0.825 [0.764 

to 0.887]) 

than 100 events both in the development and validation 

cohorts, short follow-up time 

Wang
12

 
Age, ferritin and D-dimer obtained on 

admission 
Yes 

Logistic 

regression 

and 

nomogram 

0.871 (based 

on its optimal 

cut-off value = 

85) 

Not available 

(link for 

supplemental 

material does 

not work) 

Single-center study, with small sample for development 

and validation, less than 100 events both in the 

development and validation cohorts. Complete-case 

analysis. D-dimer assay not described. AUC for external 

validation not available to the readers. 

Zhou15 

Lactate dehydrogenase, albumin, BUN, 

NLR and D-dimer obtained on 

admission 

No Nomogram 
0.955 (95% CI 

not provided) 
NA 

Single-center study, with small sample size, including 

cases not confirmed by RT-PCR,  and less than 100 events. 

Complete-case analysis and tests too many variables for 

the number of events. D-dimer assay not described.  

Goméz
72

 
Age, creatin, glucose and white blood 

cells obtained on admission 
No Not clear 

0.874 (0.816-

0.933) 
NA 

Single-center study, with small sample size, including 

cases not confirmed by RT-PCR,  and less than 100 events. 

Complete-case analysis and tests too many variables for 

the number of events. 

Galloway64 

Age, sex, ethnicity, DM, hypertension, 

chronic lung disease, SpO2, 

radiographic severity score, neutrophil 

count, respiratory rate, CRP, albumin, 

creatinine obtained on admission 

No 
Points-based 

score 

0.697 

(0.652,0.741) 
NA 

Modest sample size. No external validation. Complete 

case analysis. AUC < 0.70 

Bello-Chavolla73 Age, diabetes, obesity, CKD, COPD, 

hypertension, immunosuppression and 
Yes 

Points-based 

score 

0.823 (95% CI 

not reported) 

0.830  (95% CI 

not reported) 

The use of data collected from a sentinel surveillance 

system model, what raises concern about data quality. 

The same score for inpatient and outpatients and 
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COVID-19 pneumonia sensitivity analysis was not performed to assess accuracy 

for patients who were hospitalized. Apparently, complete 

case analysis. 

Weng46 

Age, neutrophil-to-lymphocyte ratio, D-

dimer and C-reactive protein obtained 

on admission 

Yes 

Nomogram 

and logistic 

regression 

0.921 (0.835-

0.968) 

0.975 (0.947-

1.0) 

Small sample size for development and validation, with 

<100 events in both cohorts. Variables with >10% missing 

values were excluded. D-dimer assay was not reported. 

Ko46 

Lymphocytes, neutrophils, albumin, 

LDH, neutrophil count (?), CRP, 

prothrombin activity, calcium, urea, 

estimated GFR, monocytes, globulin, 

eosinophils, glucose, RDW, bicarbonate, 

RDW standard deviation, platelet 

count, mean platelet volume, platelet 

large-cell ratio, prothrombin time, total 

protein, platelet distribution width, 

aspartate aminotransferase, 

thrombocytocrit, eosinophil count, 

alkaline phosphatase, INR 

Yes AI model Not reported Not reported 

Small sample size for development and validation, too 

many variables tested for the limited number of events, 

high mortality rate, with possibility of selection bias. Not 

clear if included laboratory-confirmed COVID-19 patients 

only. The number of predictors make it difficult to be 

applicable at bedside. 

Xie36 

Age, lymphocyte count, lactate 

dehydrogenase and SpO2 obtained on 

admission 

Yes 

Logistic 

regression 

and 

nomogram 

0.880 (95% CI 

not reported) 

0.980 (0.958-

1.00) 

High risk of selection bias: the cohort was conducted early 

in the pandemic, there was a high mortality rate (51.8% in 

development cohort and 47.6% in the validation cohort), 

and it may not accurately represent patients with mild or 

asymptomatic COVID-19 (as they were not being tested). 

Small sample size for development and validation, less 

than 100 events both. Complete case analysis. 
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 Yoo74 

Glasgow coma scale, oxygen support 

level, BUN, age, lymphocyte 

percentage, troponin 

Yes 
Points-based 

score 

Not reported, 

as AUC was 

used to define 

the variables 

for the score. 

At admission 

0.81; maximum 

through 

admission 0.91; 

mean through 

admission 0.92 

The authors reported that documentation of all kinds was 

inconsistent during the first wave of covid-19, and the 

environments at different hospitals varied substantially.  

While it is unlikely that a laboratory result or medication 

administration was missed, inconsistencies in flowsheet 

documentation during this period could mean that the 

timings of different modes of oxygen administration were 

not always accurately capture. The statistical test used to 

produce the score is not adequate according to the 

TRIPOD and may lead to overoptimism. 

 Zhang37 

DCS (demographic, comorbidities and 

symptoms): age, sex, chronic lung 

disease, DM, hypertension, 

immunosuppression, cancer, CKD, heart 

disease, cough, dyspnea, diarrhea; DCSL 

(demographic, comorbidities, 

symptoms and laboratory tests): age, 

sex, chronic lung disease, DM, cancer, 

cough, dyspnea, CRP, creatinine, 

platelets, neutrophils and lymphocytes 

counts; DL (demographic and 

laboratory tests): age, sex, CRP, 

creatinine, platelets, neutrophils and 

lymphocytes counts (around admission) 

Yes 
Logistic 

regression 

DCS: 0.79; DCS: 

0.89; DL: 0.91 

(95% CI not 

reported) 

DL: 0.74 (95% 

CI not 

reported) 

Authors reported that clinical datasets were collected 

when healthcare services were under severe strain. Data 

extraction sought to ensure consistency and accuracy, but 

there is missing data in both datasets, and the analysis 

was complete case based. Sample sizes for development 

and validation were small, with <100 events. Clinical 

assessments at admission such as SpO2 were not available 

in either dataset.  

The external validation dataset has very different case-

mix, and only had follow-up to a fixed date (6-39 days). 

Although the Wuhan cohort includes many people with 

less severe disease, in the validation cohort most 

admitted patients are likely to have severe disease.  

Although the authors reported all variables were included 

in the model, for most of the included ones the 95% CI of 

the OR included 1.0 

Yadaw
75

 17F: age, sex, ethnicity, encounter type, 

temperature, diastolic blood pressure, 
Yes Artificial 

intelligence 

0.91 (95% CI 

not provided) 

0.91 (95% CI 

not provided) 
As it includes inpatients and outpatients, important 

laboratory parameters were not tested. The authors 
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oxygen saturation at presentation, 

minimum oxygen saturation, smoking, 

asthma, COPD, obesity, DM, HIV, 

cancer; 3F: age, minimum oxygen 

saturation, and type of patient 

encounter, obtained the day of 

admission 

(XGBoost) reported that the clinical features available were limited 

to those routinely collected during hospital encounters, 

and they pointed out that development of even better 

prediction models should be possible using a richer set of 

features. 

Shang50 
Age, coronary heart disease, % of 

lymphocytes, procalcitonin, D-dimer 
Yes 

Points-based 

score 

0.919 (95% CI 

0.870-0.970) 

0.938 (95% CI 

0.902-0.973) 

Small sample size in development (113 participants) and 

validation cohorts, with <100 events in the development 

one. Too many variables tested for the number of events.  

Faisal76 

CARMc19_N: 10 [age, sex, COVID-19 

(yes/no), NEWS2 score and 

subcomponents] and CARMc19_NB: 18. 

All variables from CARMc19_N + 7 

blood test results + AKI score 

Yes 
Points-based 

score 

CARMc19_NB = 

0.87 (95% CI 

0.85-0.89) vs 

CARMc19_N 

0.86 (95% CI 

0.84-0.87)  

CARMc19_NB = 

0.88 vs 

CARMc19_N = 

0.86  

Not exclusively for COVID-19 patients. COVID-19 was 

identified by ICD-10 code which depends on clinical 

judgment. Risk of selection bias, as only patients with 

NEWS2 recorded were included. Complete case analysis. 

Mei77 
Age, NLR, admission body temperature, 

AST, total protein 
Yes 

Points-based 

score 

0.912 (95% CI 

0.878-0.947) 

VC1 = 0.928 

(95% CI 0.884-

0.971) and VC2 

= 0.883 (0.815-

0.952) 

Risk of selection bias due to inclusion/exclusion criteria, 

included only patients from Wuhan. Small sample size for 

development and validation. Complete case analysis. 

Zhang7 
Age, LDH, NLR and direct bilirubin 

obtained on admission 
Yes Nomogram 

0.886 (95% CI 

0.873–0.899) 

0.879 (95% CI, 

0.856–0.900) 

and 0.839 (95% 

CI [0.798–

0.880) for each 

one of the 

Small sample size for evelopment and validation, <100 

events for both cohorst. The amount of missing data 

differed between the survivor and non-survivor groups. 

The study included a high population of patients who 

were severely ill, the authors pointed out there may be a 

selection bias when identifying the risk factors of 
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hospitals mortality 

Lu78 Age, CPR No 

Cox 

regression 

analysis, 

decision tree 

Not reported NA 

Included both patients with confirmed and not confirmed 

disease, small sample size with <100 events, number of 

potential predictors tested was not clear. No external 

validation. 

Soto-Mota
79

 

Age, hypertension, white blood cell 

count, lymphocyte count, myocardial 

necrosis marker, creatinine, SpO2 (not 

clear in which moment) 

No 
Logistic 

regression 
NA 

Provided by 

different cut-

offs, ranging 

from 0.61 to 

0.90 (95% 

ranges from 

0.59 to 0.93), 

with best AUC 

for 25 points 

(0.90 [95% CI 

0.87-0.93]) 

Score developed by consensus. Not clear the moment it is 

meant to be used. Risk of selection bias, high mortality in 

the cohort (50%) 

Yan
80

 
LDH, lymphocytes and CRP obtained at 

hospital admission 
Yes 

Multi-tree 

XGBoost 

model 

0.978 (IC 95% 

not provided) 

0.951 (CI 95% 

not provided) 

Single-center study, with small sample for development 

and validation, less than 100 events in the validation 

cohort. Apparently, complete-case analysis.  
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Williams
81

 

Age, sex, history of cancer, COPD, 

diabetes, heart disease, hypertension, 

hyperlipidemia and kidney disease. 

Yes 
Points-based 

score 

0.896 (95% CI 

0.72 - 0.90) 

CUIMC 

database 0.820 

(95% CI 0.796-

0.840); HIRA 

database 0.898 

(95% CI 0.857-

0.940); SIDIAP 

0.895 (95% CI 

0.881-0.910); 

VA 0.717 

(0.642-0.791) 

The auhtors reported they were unable to develop a 

model on COVID-19 patient data due the scarcity of 

databases that contains this information in sufficient 

numbers. Based on seconday data, with possibility of 

misclassifications of predictors (diseases is incorrectly 

recorded in a patient’s history, incorrect recording of 

influenza or COVID-19, and authors were unable to 

include some suspected diseases predictors such as 

BMI/obesity in the analysis due to the inconsistency with 

which these mesures are collected and reporte across the 

databases included in the study. Patients may day after 30 

days, and this will be recorded as a non-event. Apparently, 

complete case analysis. 

Gue82 

Age, sex, hypertension, coronary artery 

disease, heart failure, atrial fibrilation, 

oral anticoagulants, modified sepsis-

induced coagulopathy (mSIC) score 

(INR, platelet count, qSOFA score) 

No 
Points-based 

score 

0.793 (95% CI 

0.745–0.841) 
NA 

Small sample size from a single center, no external 

validation. Complete case analysis. Authors pointed out 

that patients at the highest risk may be deemed too sick 

for maximal intervention and may be denied ICU 

treatment; predictors and their assigned weights in the 

final model. 

Das83 

Age, sex, province (in South Korea) and 

exposure (nursing home, hospital, 

religious gathering, call center, 

community center, shelter and 

apartment, gym facility, overseas 

inflow, contact with patients and 

others) 

No 

Logistic 

regression 

(SMOTE) 

0.830  (95% CI 

not reported) 
NA 

Risk of selecion bias (only patients wit complete data were 

included), unavailability of crucial clinical information on 

symptoms, risk factors and clinical parameters. Less than 

100 events. No external validation 

Levy54 Age, length of stay, SpO2, neutrophil, Yes Logistic 0.86 (95% CI 0.82 (95% CI Data were imputed for variables with up to 50% missing 
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RDW, sodium urea (on admission and 

every 2 days) 

regression not reported) not reported) values. Follow up was too short (7 days), what causes a 

high risk of bias, as a significant proportion of patients 

may die after 7 days. Authors did not show how to 

calculate the score. 

Chen
84

 

Age, coronary heart disease, 

cerebrovascular disease, dyspnea, 

procalcitonin, aspartate 

aminotransferase, total bilirubin upon 

admission 

No Nomogram 
0.91 (95% CI, 

0.85-0.97) 
NA 

High risk of selectionbias (20.8% patients with incomplete 

data were excluded), modest sample size, with <100 

events. No external validation. Complete case analysis. 

Authors did not show how to calculate the score. 

Sarkar85 

Age, sex, from Wuhan, visit to Wuhan, 

days from symptom onset to 

hospitalization 

No 

RF 

classification 

algorithm 

0.97 (95% CI 

not reported) 
NA 

Small sample size, with <100 events. High risk of selection 

bias: from 1085 patients, 652 (60.1%) were excluded due 

to missing values, and the model was developed using one 

115 patients(10.6%). Data quality is questionable, as the 

study is based in open source database. 

Hu51 
Age, CRP, D-dimer, lymphocyte count at 

admission 
Yes 

Points-based 

score 

0.895 (95% CI 

not reported) 

0.881 (95% CI 

not reported) 

Small sample size of both development and validation 

samples, with <100 events. Too many predictors tested 

for a small number of events.  The authors did not exclude 

patients transferred from other hospitals (so the 

assessment was not the first hospital assessment in all 

patients). Single center study, patients from both 

derivation and validation sets were from Tongji Hospital, 

which is one of the hospitals with a high level of medical 

care in China (the authors reported that some critically ill 

patients who recovered there might die in other hospitals 

with suboptimal or typical levels of medical care). 

AUC: area under the curve; BMI: body mass index; CI: confidence interval; CPOD: chronic obstructive pulmonary disease; CPR: C-reactive protein; CT: computed 

tomography; DLN: deep learning networks; DM: diabetes mellitus; GFR: glomerular filtration rate; ICU: intensive care unit; LASSO: least absolute shrinkage and selection 
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operator logistic regression; NA: not applicable; RDW: red blood cell distribution width; PLS: partial least squares RF: Random Forest; SF ratio: SpO2/FiO2 ratio; SVM: 

support-vector machine; XGBoost: eXtreme Gradient Boosting; WHO: World Health Organization. 
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Table 6. Discrimination of risk scores within validation cohort (complete case) 

Score Number of 

patients 

Number of 

deaths (%) 

AUROC (95%CI) 

4C Mortality Score 625 110 (17.6%) 0.790 (0.750-0.830) 

A-DROP 704 148 (21%) 0.780 (0.740-0.820) 

ABC2SPH 779 148 (19%) 0.853 (0.822-0.885) 

AID-14 929 187 (20.1%) 0.752 (0.714-0.790) 

AID-7 929 187 (20.1%) 0.751 (0.713-0.789) 

CURB65 770 165 (21.4%) 0.748 (0.709-0.786) 

E-CURB65 146 33 (22.6%) 0.768 (0.682-0.853) 

NEWS-FAST 578 112 (19.4%) 0.739 (0.692-0.786) 

NEWS2 425 90 (21.2%) 0.746 (0.687-0.804) 

NOVARA 865 176 (20.3%) 0.656 (0.613-0.699) 

qSOFA 850 172 (20.2%) 0.653 (0.609-0.697) 

REMS 780 145 (18.6%) 0.753 (0.712-0.793) 

SOFA 288 59 (20.5%) 0.778 (0.712-0.843) 

Xie 475 93 (19.6%) 0.816 (0.768-0.863) 

Yan 431 81 (18.8%) 0.650 (0.603-0.697) 

Zhang 279 67 (24%) 0.810 (0.751-0.869) 
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Figure legends 

 

Figure 1. Flowchart of COVID-19 patients included in the study 

 

Figure 2.  City of residence of patients within (a) development and (b) validation cohorts 

 

Figure 3. ABC2-SPH Score in derivation and validation cohorts 

 

Figure 4. Discrimination of ABC2-SPH Score in external validation cohorts 

 

Figure 5. ROC curves (a) and decision curve (b) for best performing scores 
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Figure 1. Flowchart of COVID-19 patients included in the study 

 

 

  

In-hospital patients with 

laboratoty confirmed 

COVID-19 

n=6845 

Patients admitted between 

August-September, 2020 

n= 1558 

Patients admitted between 

March-July, 2020 

n=5287 

Validation cohort 

N=1054 

Excluded 

Age < 18 years, transferred 

from another hospital or 

admitted for other reasons 

n= 1248 

Development cohort 

n=3978 

Lost to follow-up 

Transferred to 

another hospital 

n=61 

Excluded 

Age < 18 years, transferred 

from another hospital or 

admitted for other reasons 

n= 488 
Lost to follow-up 

Transferred to 

another hospital 

n=16 
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(a)       (b) 

 

Figure 2.  City of residence of patients within (a) development and (b) validation cohorts 
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Figure 3. ABC2-SPH Score in derivation and validation cohorts 
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Figure 4. Discrimination of ABC2-SPH Score in external validation cohorts 
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(a)      (b)    

 

 

Figure 5. ROC curves (a) and decision curve (b) for best performing scores 

 

 

 

 

                  


