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ABSTRACT
Introduction  Global shortages in the supply of SARS-CoV-2 
vaccines have resulted in campaigns to first inoculate 
individuals at highest risk for death from COVID-19. Here, we 
develop a predictive model of COVID-19-related death using 
longitudinal clinical data from patients in metropolitan Detroit.
Methods  All individuals included in the analysis had a 
laboratory-confirmed SARS-CoV-2 infection. Thirty-six pre-
existing conditions with a false discovery rate p<0.05 were 
combined with other demographic variables to develop a 
parsimonious prediction model using least absolute shrinkage 
and selection operator regression. The model was then 
prospectively validated in a separate set of individuals with 
confirmed COVID-19.
Results  The study population consisted of 15 502 individuals 
with laboratory-confirmed SARS-CoV-2. The main prediction 
model was developed using data from 11 635 individuals 
with 709 reported deaths (case fatality ratio 6.1%). The 
final prediction model consisted of 14 variables with 11 
comorbidities. This model was then prospectively assessed 
among the remaining 3867 individuals (185 deaths; case 
fatality ratio 4.8%). When compared with using an age 
threshold of 65 years, the 14-variable model detected 6% more 
of the individuals who would die from COVID-19. However, 
below age 45 years and its risk equivalent, there was no 
benefit to using the prediction model over age alone.
Discussion  Using a prediction model, such as the one 
described here, may help identify individuals who would 
most benefit from COVID-19 inoculation, and thereby may 
produce more dramatic initial drops in deaths through targeted 
vaccination.

INTRODUCTION
The COVID-19 pandemic, caused by SARS-
CoV-2, has exceeded 32 million cases and a half 
million deaths in the USA.1 Real-world vaccina-
tion effectiveness studies suggest that the mRNA-
based vaccines are highly effective in preventing 
symptomatic disease—up to 82% after one dose 
and 94% after two doses.2 Even with the recent 
overwhelming spread of the SAR-CoV-2 Delta 
variant, vaccination is associated with a >11 times 
lower age-standardised incidence rate ratio for 
death.3 To date over 7 billion vaccine doses have 
been administered, yet the distribution of these 
doses has been skewed—approximately 65% of 

individuals in high-income countries have been 
vaccinated in contrast to 6.5% in low-income 
countries.4

Given limited supply of vaccines, immunisa-
tion roll-out strategies have prioritised high-
risk individuals; this prioritisation has been 
largely based on patient age.5 6 Vaccination 
prioritisation could be improved through 
better algorithms to identify individuals at 
highest risk of death once infected. Here, 
we leverage detailed longitudinal clinical 
information of pre-existing comorbidities 
to develop a prediction model of COVID-
19-related death in a racially diverse patient 
population from southeast Michigan. It is 
hoped that the information gleaned from 
this well-characterised patient population 
can inform COVID-19 severity prediction and 
vaccination roll-out strategies elsewhere.

METHODS
Patient and public involvement
This study was developed to identify individ-
uals at highest risk for COVID-19 death to help 
target individuals for early immunisation. For 

Key messages

	► Prioritisation for COVID-19 vaccination has largely 
been based on age; it is not known if using addi-
tional comorbidity information can improve targeting 
high-risk individuals without substantial increasing 
the numbers needing to be vaccinated.

	► We show that using comorbidities can substantially im-
prove identifying individuals likely to die from COVID-19 
if infected over using age alone as a predictor; however, 
the relative benefit of this added information disappears 
below the risk equivalent of age 45 years.

	► Our prediction algorithm was developed in a large and 
diverse patient population from metropolitan Detroit with 
electronic data on longitudinal care; hence, we were 
able to build and validate a prediction model of COVID-
19-related death that is broadly generalisable and easily 
applied.
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the purposes of this study, we use terms African American 
and European American to refer to individuals who self-
identified as non-Hispanic black and non-Hispanic white, 
respectively.

Model development
The prediction models were developed in accordance 
to Transparent Reporting of a multivariable prediction 
model for Individual Prognosis Or Diagnosis guidelines.7 
We used medical records from patients receiving care at 
the health system to identify adults with the following 
characteristics: age  ≥20 years, a PCR confirmed SARS-
CoV-2 infection, and ≥1 outpatient visit 2 years to 1 month 
before the first positive SARS-CoV-2 test was collected (ie, 
the index date). Online supplemental figure 1 illustrates 
how individuals were identified and how their data were 
used for developing and testing the prediction model. A 
COVID-19-related death was defined as one occurring 
during a hospital admission or within 14 days of hospital 
discharge for a COVID-19 infection (n=805). We also 
included 89 patients who died outside of the hospital and 
whose last diagnosis of record was a COVID-19 infection 
(n=89).

There were 15 502 laboratory confirmed COVID-19 
cases with 894 related deaths (13 686 cases from 2020 
and 1816 cases from 2021); index dates ranged from 12 
March 2020 to 21 February 2021. We used 85% of the 
cases from 2020 (n=11 635 with 709 deaths) to develop 
the prediction model (training set), and we randomly set 
aside a group of 2051 cases (with 123 deaths) from 2020 
and 1816 cases (with 62 deaths) from 2021 to measure 
model performance (testing set). The distinction by year 
of disease onset was done to ensure that the prediction 
model was robust to the changing characteristics of the 
epidemic and the patient populations affected.

All primary encounter diagnoses within the health 
system between March 2018 and January 2021 were cate-
gorised into 133 separate clinical categories, and each 
category consisted of multiple International Classifica-
tion of Diseases, 10th Revision (ICD-10) codes. A pre-
existing condition was defined as receiving at least two 
diagnoses (ICD-10 codes) within a category between 2 
years prior to 1 month prior to the index date. Condi-
tions in which ≤1 individual with COVID-19 was affected 
or conditions confined to only one sex (eg, pregnancy, 
erectile dysfunction and menopause) were not analysed. 
This resulted in 78 separate pre-existing conditions avail-
able for assessing association with COVID-19-related 
death. Patient age, sex, race-ethnicity, smoking status, 
body mass index (BMI), serum creatinine values and 
pre-existing conditions (the latter restricted to those 
with a false discovery rate adjusted p<0.05), were used as 
initial input in constructing the prediction model. Least 
absolute shrinkage and selection operator (LASSO) 
regression was used to select a parsimonious set of 
predictor variables for COVID-19-related death. LASSO 
regression was used since it can handle overfitting and 
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multicollinearity8 9; less influential coefficients are 
shrunk to zero.8 The penalty parameter (lambda=0.01) 
for LASSO regression was selected to optimise perfor-
mance in 10-fold cross validation.9 10

A risk score (RS) was constructed from the variables 
selected via LASSO; this score was assessed for its predictive 
performance in the set aside group of 3867 individuals. 
Variable weights were transformed by multiplying each 
coefficient by 1000; this ensured that all model weights 
were >1. Each individual’s composite RS was calculated 
by summing the weighted variable results. Analyses were 
conducted using the statistical software R11; the R pack-
ages glmnet and caret were used for LASSO regression 
and for calculating the confusion matrix, respectively.12 13

RESULTS
As shown in table 1, the average age of the 15 502 study 
individuals was 56.0 years (SD=18.0 years), and 9118 
(58.8%) were female. The race-ethnic breakdown 
included 9176 (59.2%) European Americans, 4117 
(26.6%) African Americans, 609 (3.9%) Latinos and 284 
Asians (1.8%). Overall, 894 of the 15 502 individuals with 
laboratory-confirmed SARS-CoV-2 died from COVID-19 
(case fatality ratio of 5.8%). The demographic char-
acteristics of the individuals who died of COVID-19 
differed from those who survived. When compared with 
those who survived, individuals who died tended to be 
older (76.95 years vs 54.73 years), were more likely to 
be male (54.7% vs 40.4%), had higher serum creatinine 
levels (1.58 mg/dL vs 0.99 mg/dL) and had a history of 
smoking (60.7% vs 40.8%). Patients in the training and 
testing sets were characteristically similar. A total of 709 
of the 11 635 individuals used in the train set died of 
COVID-19 (case fatality ratio 6.1%), and 185 of the 3867 
individuals in the testing set died of COVID-19 (case 
fatality ratio 4.8%).

The prediction model was developed and trained in 
a randomly selected set of 11 635 SARS-CoV-2-infected 
individuals. The demographic and clinical variable 
association results from model development are shown 
in both table  2 and online supplemental table 1 of 
the online supplement. Age was the most significant 
predictor for COVID-19-related death (p=1.76×10−144), 
but male sex (p=2.68×10−5), African American race 
(p=5.94×10−5), a history of smoking (p=3.28×10−6) and 
higher serum creatinine values (p=7.28×10−16) were also 
significantly associated. BMI was not associated with 
COVID-19-related death after adjusting for the above 
variables (p=0.675). Thirty-six pre-existing conditions 
were also associated with COVID-19-related death with 
a false discovery rate adjusted p<0.05. The most signif-
icant pre-existing conditions were a history of respira-
tory failure (p=1.22×10−18) and congestive heart failure 
(p=1.27×10−17). A final set of fourteen variables were 
selected for the prediction model (table 2), resulting in 
the following RS calculation:

	

‍

Risk Score = 2, 340.58 +
(

62.90 × age
[
years

])
+ 7.18

(
male

)

+
(

129.33 × serum creatinine
[
mg/dL

])

+ 583.17
(

history of respiratory failure
)

+ 539.28
(

congestive heart failure
)

+ 296.49
(

chronic obstructive pulmonary disease
)

+ 77.60
(

coronary artery disease
)

+ 76.81
(

atrial fibrillation/flutter
)

+ 127.74
(

cerebrovascular disease
)

+ 91.23
(

musculoskeletal disease affecting thorax
)

+ 141.21
(

peripheral vascular disease
)

+ 217.31
(

pressure ulcer
)

+ 48.44
(

traumatic brain injury
)

+ 134.12
(

dementia
)

‍
�

Test performance was assessed in a separate group of 
3867 individuals (figure 1 and table 3). The optimum cut-
point, defined by the Youden index,14 was a RS of ≥6685.4 
in the 14-variable model and an age of ≥68 years in the 
age-only model. An age threshold of ≥65 years, the age 
used by many states to define early eligibility for vaccina-
tion,15 had a sensitivity of 83.2%, a specificity of 70.2%, 
a positive predictive value (PPV) of 12.3% and a nega-
tive predictive value (NPV) of 98.8%. In comparison, 
the 14-variable RS with the same specificity of 70.2% 
(RS ≥6646.5), had a sensitivity of 89.2%, a PPV of 13.1% 
and an NPV of 99.2%. At an age threshold of ≤45 years, 
there was no difference in sensitivity using the 14-variable 
RS with the same specificity (RS ≤5304.8).

DISCUSSION
Vaccines have been effective at reducing COVID-19 
severity and death,16 yet global supplies are still limited, 
particularly in developing countries.4 Even in countries 
with ready access to vaccination, uptake has been insuf-
ficient to halt SARS-CoV-2 spread and a resurgence of 
infections and deaths. For example, in the US more than 
40% of individuals are not fully vaccinated. This under-
scores the continued importance of targeting high risk 
individuals in the initial stages of vaccine roll-out, as well 
as for uptake once supply needs are met.

Wynants et al performed a systematic review of existing 
prediction models of COVID-19-related outcomes, but 
found a number of deficiencies in the existing liter-
ature.17 Of the 107 articles on COVID-19 prognostic 
models reviewed, 39 were for predicting mortality. Prob-
lematic issues in the existing literature included small 
study sizes and high potential bias (eg, by not adhering 
to prediction model reporting standards, using proxy 
measures for outcomes, and including study individuals 
not reflective of the larger target population). However, 
the review did identify three studies with uncertain bias 
but large sample sizes.18–20 Nevertheless, only two of these 
studies predicted COVID-19 mortality,19 20 and these were 
among individuals already severe enough to be admitted 
to the hospital.

In contrast, our prognostic score may be useful in 
identifying high-risk individuals based on pre-existing 
conditions (ie, characteristics that predispose to dying 
from COVID-19 prior to becoming infected). Design 
features which bolster the importance of our findings 

https://dx.doi.org/10.1136/bmjresp-2021-001016
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Table 2  Variable selection for a prediction model of COVID-19-related death among individuals with laboratory confirmed 
SARS-CoV-2 infection

Clinical variable
Base multivariable 
model (p value)*

Diagnoses promoted 
for evaluation by LASSO 
regression (FDR adjusted 
p value)†

LASSO-derived 
coefficients for variables 
retained in the final 
prediction model‡

OR for the 
retained variable§

Age 1.76×10–144 -- 0.06290 1.065

Sex-male 2.68×10–5 -- 0.00718 1.007

Race-ethnicity—African American 5.94×10–5 -- -- --

Race-ethnicity—Asian 0.070 -- -- --

Race-ethnicity—Latino 0.282 -- -- --

Race-ethnicity—other 0.721 -- -- --

Smoking status 3.28×10–6 -- -- --

BMI 0.675 -- -- --

Creatinine, serum 7.28×10–16 -- 0.12933 1.138

Pulmonary: respiratory failure -- 1.22×10–18 0.58317 1.792

Cardiovascular: congestive heart failure -- 1.27×10–17 0.53928 1.715

Pulmonary: chronic obstructive pulmonary 
disease

-- 3.69×10–13 0.29649 1.345

General: supplemental O2 or ventilation -- 3.82×10–10 -- --

Cardiovascular: coronary artery disease -- 3.07×10–7 0.07760 1.081

Cardiovascular: atrial fibrillation or flutter -- 6.27×10–7 0.07681 1.080

Cardiovascular: cerebrovascular disease -- 7.20×10–6 0.12774 1.136

Gastrointestinal: liver disease, not otherwise 
specified

-- 7.20×10–6 -- --

General: electrolyte disorder -- 7.74×10–6 -- --

Infectious disease: sepsis -- 1.95×10–5 -- --

Cardiovascular: pulmonary embolism or deep 
vein thrombosis

-- 2.74×10–5 -- --

Musculoskeletal: skeletal disorder affecting 
thorax

-- 2.74×10–5 0.09123 1.096

Psychiatric and substance use: alcohol use -- 2.74×10–5 -- --

Infectious disease: pneumonia -- 2.98×10–5 -- --

Cardiovascular: peripheral vascular occlusive 
disease

-- 3.01×10–5 0.14121 1.152

Haematologic: leucopenia -- 3.87×10–5 -- --

Dermatology: pressure ulcer -- 7.11×10–5 0.21731 1.243

Pulmonary: pulmonary vascular hypertension -- 8.32×10–5 -- --

Gastrointestinal: cirrhosis -- 1.15×10–4 -- --

General: nutritional deficiency -- 7.88×10–4 -- --

Neurologic: traumatic brain injury -- 8.84×10–4 0.04844 1.050

Cardiovascular: structural heart disease -- 1.23×10–3 -- --

Neurologic: epilepsy -- 1.88×10–3 -- --

Cardiovascular: cardiomyopathy -- 2.74×10–3 -- --

Neurologic: dementia -- 4.12×10–3 0.13412 1.144

Endocrine and metabolism: diabetes any -- 5.70×10–3 -- --

Rheumatologic: sarcoidosis -- 7.48×10–3 -- --

Haematologic: coagulopathy -- 7.49×10–3 -- --

Psychiatric and substance use: opioid use -- 9.14×10–3 -- --

Gastrointestinal: gastro-oesophageal disease -- 0.011 -- --

Oncologic: solid malignancy -- 0.021 -- --

Infectious disease: infectious enteritis -- 0.021 -- --

Gastrointestinal: constipation -- 0.030 -- --

Continued
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include using separate large and racially diverse groups 
for model development and validation, restricting cases 
to those with laboratory-confirmed SARS-COV-2 diag-
noses, drawing on an extensive longitudinal record 

of pre-existing clinical conditions, and accounting for 
COVID-19-related deaths both within and outside of 
the hospital. In this regard, our RS represents a valuable 
tool to identify individuals at greatest risk from dying of 
COVID-19 and thus could inform vaccination roll-out 
schemas. For example, as compared with using an age 
cut-off of  ≥65 years alone, our study found that incor-
porating pre-existing comorbidities could identify 6% 
more of the individuals who would die from COVID-19 
if infected without increasing the total number of indi-
viduals deemed ‘high risk’ (ie, improved sensitivity with 
the same specificity). Conversely, our data suggest that 
once high-risk individuals (RS ≥5304.8) and individuals 
aged ≥45 years have been vaccinated, additional triage 
based on age or risk score among adults is not needed.

Our study should be considered in light of potential 
limitations. First, all the participants were recruited from 
a single health system in southeast Michigan. While this 
may limit the generalisability of our prediction model, it 
is important to note that our study population included 
all documented cases of SARS-CoV-2 infection with the 
health system. As a result, we broadly captured the diver-
sity of the Detroit metropolitan area. Second, as this is an 
observational study, it is possible that our model missed 
other important predisposing clinical conditions. Never-
theless, the large number of conditions that we consid-
ered (ie, diagnoses made over nearly 3 years for the 
entire covered patient population) makes it is unlikely 
that we missed common diseases with large effects. 
However, the large number of variables that we evaluated 
simultaneously could also result in erroneous parameter 
estimation via multicollinearity, as has been observed 
elsewhere.21 To mitigate the effect of multicollinearity, 
we used LASSO regression. This penalised regression 
method constrains the degree of parameter inflation, 
selecting some variables for model inclusion while 
shrinking the parameter estimates of others to zero. In so 
doing, LASSO regression can improve model prediction 

Clinical variable
Base multivariable 
model (p value)*

Diagnoses promoted 
for evaluation by LASSO 
regression (FDR adjusted 
p value)†

LASSO-derived 
coefficients for variables 
retained in the final 
prediction model‡

OR for the 
retained variable§

General: muscle contraction or wasting -- 0.038 -- --

Neurologic: encephalopathy -- 0.041 -- --

Rheumatologic: systemic lupus erythematosus -- 0.049 -- --

Risk score=2340.58 + 62.90×age (in years)+7.18×sex (male=1, female=0)+129.33×serum creatinine (in mg/dL)+583.17×history of respiratory failure (yes=1, 
no=0)+539.28×congestive heart failure (yes=1, no=0)+296.49×chronic obstructive pulmonary disease (yes=1, no=0)+77.60×coronary artery disease (yes=1, 
no=0)+76.81×atrial fibrillation/atrial flutter (yes=1, no=0)+127.74×cerebrovascular disease (yes=1, no=0)+91.23×musculoskeletal disease affecting thorax (yes=1, 
no=0)+141.21×peripheral vascular disease (yes=1, no=0)+217.31×pressure ulcer (yes=1, no=0)+48.44×traumatic brain injury (yes=1, no=0)+134.12×dementia 
(yes=1, no=0).
*The base model included all of the variables shown; p values were derived from the adjusted model.
†P values are adjusted for the false discovery rate. Each clinical variable is separately adjusted by the following model: COVID-19 death ~age+sex+race-
ethnicity+smoking status +BMI+serum creatinine +clinical variable. Online supplemental table 1 shows the additional clinical variables which were screened but 
which did not meet the criteria for evaluation by LASSO regression for prediction model building.
‡Variable weights using in the actual prediction model were obtained by multiplying each coefficient by 1000; this ensured that all model weights were >1. The final 
14-variable prediction model had the following form.
§OR for COVID-19-related death according to a one-unit increase in the listed variable (coding and directionality for each variable retained is described in the 
preceding footnote).
BMI, body mass index; FDR, false discovery rate; LASSO, least absolute shrinkage and selection operator.

Table 2  Continued

Figure 1  Receiver operating characteristic (ROC) curves 
demonstrating the performance of two models to predict 
COVID-19-related deaths among individuals with laboratory 
confirmed SARS-CoV-2 infection (n=3867) from southeast 
Michigan and the Detroit metropolitan area. The black line 
denotes the 14-variable prediction model with black circles 
representing risk score thresholds. The grey line denotes 
the age-only prediction model with grey circles representing 
age thresholds. Red circles represent the Youden index (ie, 
the point that maximises Sensitivity +Specificity – 1). The 
area under the curve (AUC) for the 14-variable ROC curve 
was 0.868 (0.846–0.891), and the AUC for the age-only 
ROC curve was 0.846 (0.821–0.871).
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accuracy while limiting the number of variables to those 
with the strongest effects.8 Third, the factors that predis-
pose to COVID-19-related death, may not have the same 
relationship to vaccine response. For example, older 
age, smoking and obesity have been associated with 
lower response to SARS-CoV-2 vaccination.22 23 Unfortu-
nately, in this study, we did not have measures of vaccine 
response; hence, we could not incorporate this into our 
model of COVID-19 mortality prediction. On the other 
hand, vaccines against SARS-CoV-2 were not widely avail-
able for the vast majority of our observation period. 
Therefore, it is highly unlikely that vaccination status 
confounded our risk model of COVID-19-related death. 
Lastly, the COVID-19 pandemic has been ever changing 
with new viral variants emerging rapidly.24 25 This rapid 
evolution has implications on vaccine response, break-
through infections and viral virulence.26 27 To partially 
address this issue, we evaluated the performance of our 
model in patients first infected in 2020 and in 2021; our 
model produced similar results (data not shown). There-
fore, it is possible that the predictive ability of our model 
may change over time, but we did not observe a notice-
able difference in our time window.

In conclusion, we have developed a prediction model 
of COVID-19-related death using pre-existing patient 
characteristics and comorbidities. Since our model was 
based on a large, diverse and well-characterised patient 
population, we believe that the resulting prediction 
equation may be broadly suited to identifying individuals 
at high risk of COVID-19 death. Our model suggested 
that while age is an important and dominant risk factor 
for COVID-19-related death, if used alone to determine 
vaccine prioritisation, it would miss a substantial portion 
of high-risk individuals (ie, persons who would receive 
the largest risk benefit from vaccination).
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