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Model Predicts Severe Disease in Those 
With COVID-191 

Find the latest COVID-19 news and guidance in 
Medscape's Coronavirus Resource Center. 

A new prediction model can help clinicians 
and hospitals discern which patients with 
COVID-19 are likely to progress to severe 
disease and how quickly, researchers say. 

Brian Garibaldi, MD, associate professor of 
medicine at the Johns Hopkins University 
School of Medicine in Baltimore, Maryland, 
and colleagues developed the COVID-19 
Inpatient Risk Calculator with 24 variables 
known to be linked with COVID-19, such as 
age, body mass index, underlying conditions, 
vital signs, and symptom severity at the time 
of admission. 

Data were gathered from the care of 832 
consecutive patients with COVID-19 between 
March 4 and April 24 at five Johns Hopkins 
hospitals in Maryland and Washington, DC. 
Findings were published online September 22 
in the Annals of Internal Medicine. 

Model Shows Extremes in Risk 

The authors say the model can predict 
likelihood of severe disease (defined as 
needing high levels of oxygen support or a 
breathing machine) or death from 5% to 90%, 
sometimes flagging that a person is 18 times 
more likely to progress to severe disease than 
another patient with COVID-19. 

The article gives some examples: 

"An 81-year-old Black woman with diabetes 
and hypertension, a BMI of 35 kg/m2, fever, a 
respiratory rate of 32 breaths/min, a high (C-
Reactive Protein) level, and a D-dimer level 
greater than 1 mg/L has a probability of 
progressing to severe disease or death of 80%, 
92%, and 96% by days 2, 4, and 7, respectively, 
after admission." 

"In contrast," the authors found, a 39-year-old 
Latin man with a BMI of 23 kg/m2, no 
comorbid conditions, and no fever has a 

probability of progression of 3%, 5%, and 5% 
by days 2, 4, and 7." 

Garibaldi told Medscape Medical News the 
model has different accuracies at different 
time points after admission. 

"The first two days, it's 85% accurate and then 
over the first week, it's about 80%," he said. 

Uses for the Information 

The information can help providers explain to 
patients and families the likely trajectory of 
the patient's disease to help set goals of care, 
Garibaldi said. 

For health systems, it's helpful to understand 
the likelihood of having an uptick in intensive 
care unit cases, for example, and whether 
hospitals have the right medications and 
space. 

The research also pointed out how quickly 
patients can progress to severe disease or 
death, Garibaldi said. 

"The median time to developing severe 
disease or death in our cohort was just a little 
over a day. That suggests that for these 
patients there may be a very limited window 
for us to do something," Garibaldi said. 

Researchers used a precision medicine 
analytics platform (PMAP) that includes not 
just age, comorbidities, and demographics but 
laboratory data, medications, and patient 
trajectories. 

"We really have a good sense of not only what 
people look like when they arrive at the 
hospital but what happens to them over the 
next 7 to 14 days," he said. 

There are many models published or in 
development, but "this is a really well-done 
one methodologically," COVID-19 risk 
prediction model developer Michael Kattan, 
PhD, chair of the Department of Quantitative 
Health Sciences at Cleveland Clinic in Ohio, 
told Medscape Medical News. 

He pointed to the researchers' use of "area 
under the cumulative-dynamic receiver-

https://www.medscape.com/resource/coronavirus
https://rsconnect.biostat.jhsph.edu/covid_predict/
https://rsconnect.biostat.jhsph.edu/covid_predict/
https://www.acpjournals.org/doi/10.7326/M20-3905
https://emedicine.medscape.com/article/241381-overview
https://emedicine.medscape.com/article/2085111-overview
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operator characteristic curve" to evaluate the 
model's ability to discriminate higher- from 
lower-risk patients. 

"That's an elegant way to assess performance 
and that separates them from the pack," he 
said. 

Additionally, "they used a very modern 
approach to selecting the predictors as well as 
tempering their effects," to help increase 
generalizability, he said. 

Generalizability of the data is listed as a 
limitation in the paper as the research was 
done at a single institution. 

If the model is systematically validated and 
shown to improve care, providers could 
eventually see it incorporated into electronic 
health records, Garibaldi said. 

Kattan noted that the researchers' cross-
validation by site helps build confidence in the 
results. 

The researchers randomly removed one of the 
five hospitals and then tested the model built 
from the other four on that site to compare 
results. They repeated that check for each 
site. 

"By their interpretation, it worked well at each 
center when they did it that way," Kattan said. 

The one thing Kattan felt was missing was "the 
calibration performance of the risk 
calculator," or the correspondence between a 
predicted probability and the proportion of 
people who develop the outcome. 

As to whether there are any downsides of 
using prediction models, Garibaldi 
acknowledged that there's always a danger 
that relying on an algorithm can lead to 
missing cases or misjudging cases. That's why 
the authors emphasize that the model is not 
meant to replace a physician's expertise, but 
rather should be used in conjunction with it. 

Kattan says the value judgment is whether the 
information a physician is already using to 
judge the probability of a patient becoming 

severely ill with COVID-19 is more effective 
than a proposed prediction model. 

"In this case, it's quite likely that it's not," 
Kattan said. 

Since these data were gathered in the 
beginning of the pandemic, much has been 
learned about interventions, symptoms, and 
spread. Garibaldi said Johns Hopkins has now 
taken care of more than 3000 COVID-19 
patients. 

Longitudinal data, knowledge gleaned on how 
to use mechanical ventilation, and use of 
therapies will help refine the model, he said. 

(Frellick, 2020) 

 

Risk stratification of patients admitted 
to hospital with covid-19 using the 

ISARIC WHO Clinical Characterisation 
Protocol: development and validation 

of the 4C Mortality Score2 

As hospitals around the world are faced with 
an influx of patients with covid-19, there is an 
urgent need for a pragmatic risk stratification 
tool that will allow the early identification of 
patients infected with SARSCoV- 2 who are at 
the highest risk of death to guide 
management and optimise resource 
allocation. 

Prognostic scores attempt to transform 
complex clinical pictures into tangible 
numerical values. Prognostication is more 
difficult when dealing with a severe pandemic 
illness such as covid-19 because strain on 
healthcare resources and rapidly evolving 
treatments alter the risk of death over time. 
Early information has suggested that the 
clinical course of a patient with covid-19 is 
different from that of pneumonia, seasonal 
influenza, or sepsis. Most patients with severe 
covid-19 have developed a clinical picture 
characterised by pneumonitis, profound 
hypoxia, and systemic inflammation affecting 
multiple organs. 

https://emedicine.medscape.com/article/304068-overview


 
 

 

4 
 
 

 

A recent review identified many prognostic 
scores used for covid-19,5 which varied in their 
setting, predicted outcome measure, and the 
clinical parameters included. The large 
number of risk stratification tools reflects 
difficulties in their application, with most 
scores showing moderate performance at 
best and no benefit to clinical decision making. 

Many novel covid-19 prognostic scores have 
been found to have a high risk of bias, which 
could reflect development in small cohorts, 
and many have been published without clear 
details of model derivation and testing.5 

Therefore, a risk stratification tool within a 
large national cohort of patients admitted to 
hospital with covid-19 is needed with clear 
development and validation details. 

We identified 41 candidate predictor variables 
measured at hospital admission for model 
creation. After the creation of a composite 
variable containing all seven individual 
comorbidities and the exclusion of 13 
variables owing to high levels of missing 
values, 21 variables remained. 

We identified eight important predictors of 
mortality by using generalised additive 
modelling with multiply imputed datasets: 
age, sex, number of comorbidities, respiratory 
rate, peripheral oxygen saturation, Glasgow 
coma scale, urea level, and C reactive protein. 
Given the need for a pragmatic score for use 
at the bedside, continuous variables were 
converted to factors with cut-off values 
chosen by using component smoothed 
functions (on linear predictor scale) from 
generalised additive modelling. 

On entering variables into a penalised logistic 
regression model (least absolute shrinkage 
and selection operator), all variables were 
retained within the final model. We converted 
penalised regression coefficients into a 
prognostic index by using appropriate scaling. 
The 4C Mortality Score showed good 
discrimination for death in hospital within the 
derivation cohort, with performance 
approaching that of the XGBoost model. The 
4C Mortality Score showed good calibration 

(calibration intercept=0, slope=1, Brier score 
0.170) across the range of risk and no 
adjustment to the model was required. 

The 4C Mortality Score showed good 
performance in clinically relevant metrics 
across a range of cut-off values. Four risk 
groups were defined with corresponding 
mortality rates determined: low risk (0-3 
score, mortality rate 1.2%), intermediate risk 
(4-8 score, 9.9%), high risk (9-14 score, 31.4%), 
and very high risk (≥15 score, 61.5%). 

The 4C Mortality Score uses patient 
demographics, clinical observations, and 
blood parameters that are commonly 
available at the time of hospital admission and 
can accurately characterise the population of 
patients at high risk of death in hospital. The 
score compared favourably with other 
models, including best-in-class machine 
learning techniques, and showed consistent 
performance across the validation cohorts, 
including good clinical utility in a decision 
curve analysis. 

Model performance compared well against 
other generated models, with minimal loss in 
discrimination despite its pragmatic nature. A 
machine learning approach showed a 
marginal improvement in discrimination, but 
at the cost of interpretability, the requirement 
for many more input variables, and the need 
for an app or website calculator that might 
limit use at the bedside given personal 
protective equipment requirements. The 4C 
Mortality Score showed good applicability 
within the validation cohort and consistency 
across all performance measures. 

The 4C Mortality Score contains parameters 
reflecting patient demographics, comorbidity, 
physiology, and inflammation at hospital 
admission; it shares characteristics with 
existing prognostic scores for sepsis and 
community acquired pneumonia but has 
important differences as well. No pre-existing 
score appears to use this combination of 
variables and weightings. Altered 
consciousness and high respiratory rate are 
included in most risk stratification scores for 
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sepsis and community acquired pneumonia, 

while raised urea is also a common 
component. Increasing age is a strong 
predictor of in-hospital mortality in our cohort 
of patients admitted with covid-19 and is 
commonly included in other existing covid-19 
scores, together with comorbidity and raised 
C reactive protein. 

The 4C Mortality Score has several 
methodological advantages over current 
covid-19 prognostic scores. The use of 
penalised regression methods and an event-
to-variable ratio greater than 100 reduce the 
risk of overfitting. The use of parameters 
commonly available at first assessment 
increases its clinical applicability, avoiding the 
requirement for markers often only available 
after a patient has been admitted to a critical 
care facility. Of course a model developed in a 
specific dataset should describe that dataset 
best. However, by including comparisons with 
pre-existing models, reassurance is provided 
that equivalent performance cannot be 
delivered with a simple tool already in use. 

Additionally, in a pandemic, baseline infection 
rates and patient characteristics might change 
by time and geography. This motivated the 
temporal and geographical validation, which is 
crucial to the reporting of this study. These 
sensitivity analyses showed that score 
performance continued to be robust over time 
and geography. 

We have derived and validated an easy-to-use 
eight variable score that enables accurate 
stratification of patients with covid-19 
admitted to hospital by mortality risk at 
hospital presentation. Application within the 
validation cohorts showed this tool could 
guide clinician decisions, including treatment 
escalation. 

A key aim of risk stratification is to support 
clinical management decisions. Four risk 
classes were identified and showed similar 
adverse outcome rates across the validation 
cohort. Patients with a 4C Mortality Score 
falling within the low risk groups (mortality 
rate 1%) might be suitable for management in 

the community, while those within the 
intermediate risk group were at lower risk of 
mortality (mortality rate 10%; 22% of the 
cohort) and might be suitable for ward level 
monitoring. Similar mortality rates have been 
identified as an appropriate cut-off value in 
pneumonia risk stratification scores (CURB-65 
and PSI). Meanwhile patients with a score of 9 
or higher were at high risk of death (around 
40%), which could prompt aggressive 
treatment, including the initiation of steroids49 

and early escalation to critical care if 
appropriate. 

[Also visit isaric4c.net to view the 4C Mortality 
Score]  

(Knight, et al., 2020) 
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QUESTIONNAIRE 
G4 (21) 

Risk stratification tools for patients hospitalised with COVID-19 
INSTRUCTIONS 

• Read through the article and answer the multiple-choice questions provided below. 

• Some questions may have more than one correct answer; in which case you must mark all the correct answers. 

Model Predicts Severe Disease in Those With COVID-19 
 
Question 1: Complete the statement: “The first two days, it's 
……………% accurate and then over the first week, it's about 
……………%."  
 

A: 65; 60 
B: 75; 70 
C: 85; 80  
D: 95; 90 

 
Question 2: Which of the following are ways this model can 
be used in the hospital setting? 
 

A: It can help health care providers explain to patients 
and families the likely course of the patient's 
disease  

B: It can help health care providers set goals of care  
C: It is helpful to understand the likelihood of having 

an increase in intensive care unit cases  
D: None of the above 

 
Question 3: What is the one thing Kattan felt the model was 
missing? 
 

A: Cross-validation by site to help build confidence in 
results 

B: Calibration performance of the risk calculator: the 
correspondence between a predicted probability 
and the proportion of people who develop the 
outcome  

C: A modern approach to selecting the predictors as 
well as tempering their effects 

D: All of the above 
 
Question 4: Is it TRUE that The COVID Inpatient Risk 
Calculator (CIRC) uses factors on admission to the hospital to 
predict the likelihood that a patient admitted with COVID-19 
will progress to severe disease* or death within 7 days of 
arrival?     
 

A: YES  
B: NO 

 
 
 
 
 
 
 
 
 
 
 
 

Risk stratification of patients admitted to hospital with 
COVID-19 using the ISARIC WHO Clinical Characterisation 
Protocol: development and validation of the 4C Mortality 

Score 
 
Question 5: Most patients with severe COVID-19 have 
developed a clinical picture characterised by which of the 
following? 
 

A: Abdominal pain 
B: Joint pain and swelling 
C: Pneumonitis  
D: Profound hypoxia  
E: Systemic inflammation of multiple organs  

 
Question 6: Which of the following are CORRECT regarding 
most risk stratification tools? 
 

A: Difficult to apply  
B: Most scores show moderate performance at best 

and no benefit to clinical decision-making  
C: Because clinical information, such as laboratory and 

imaging results, are used, there is little risk for bias 
D: Scores vary in their setting, predicted outcome 

measure, and the clinical parameters included  
 
Question 7: Which of the following accurately depict the risk 
groups that were defined with corresponding mortality 
rates? 
 

A: Low risk (0-4 score, 5.2% mortality rate) 
B: Intermediate risk (5-8 score, 19.9 % mortality rate) 
C: High risk (9-14 score, 31.4% mortality rate)  
D: Very high risk (≥15 score, 61.5% mortality rate)  

 
Question 8: Which of the following factors does the 4C 
Mortality Score use? 
 

A: Patient demographics  
B: Clinical observations  
C: Blood parameters  
D: None of the above 

 
Question 9: Is it TRUE that in this cohort increased age was 
found to be a weak predictor of in-hospital mortality of 
patients admitted with COVID-19? 
 

A: YES 
B: NO  

 
  



Question 10: Which of the following statements are 
CORRECT? 
 

A: A key aim of risk stratification is to support clinical 
management decisions  

B: Eight classes were identified and showed similar 
adverse outcome rates across the validation cohort 

C: Patients with a 4C Mortality Score falling within the 
low risk groups might be suitable for management 
in the community  

D: Patients with a score of nine or higher are at high 
risk of death  

 
 
 

END 
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