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ABSTRACT
Introduction:
Early identification of patients with coronavirus disease 2019 (COVID-19) who are at risk for hospitalization may help
to mitigate disease burden by allowing healthcare systems to conduct sufficient resource and logistical planning in the
event of case surges. We sought to develop and validate a clinical risk score that uses readily accessible information at
testing to predict individualized 30-day hospitalization risk following COVID-19 diagnosis.

Methods:
We assembled a retrospective cohort of U.S. Veterans Health Administration patients (age≥ 18 years) diagnosed with
COVID-19 between March 1, 2020, and December 31, 2020. We screened patient characteristics using Least Absolute
Shrinkage and Selection Operator logistic regression and constructed the risk score using characteristics identified as
most predictive for hospitalization. Patients diagnosed before November 1, 2020, comprised the development cohort,
while those diagnosed on or after November 1, 2020, comprised the validation cohort. We assessed risk score discrim-
ination by calculating the area under the receiver operating characteristic (AUROC) curve and calibration using the
Hosmer–Lemeshow (HL) goodness-of-fit test. This study was approved by the Veteran’s Institutional Review Board of
Northern New England at the White River Junction Veterans Affairs Medical Center (Reference no.:1473972-1).

Results:
The development and validation cohorts comprised 11,473 and 12,970 patients, of whom 4,465 (38.9%) and 3,669
(28.3%) were hospitalized, respectively. The independent predictors for hospitalization included in the risk score were
increasing age, male sex, non-white race, Hispanic ethnicity, homelessness, nursing home/long-term care residence,
unemployed or retired status, fever, fatigue, diarrhea, nausea, cough, diabetes, chronic kidney disease, hyperten-
sion, and chronic obstructive pulmonary disease. Model discrimination and calibration was good for the development
(AUROC= 0.80; HL P-value= .05) and validation (AUROC= 0.80; HL P-value= .31) cohorts.

Conclusions:
The prediction tool developed in this study demonstrated that it could identify patients with COVID-19 who are at risk
for hospitalization. This could potentially inform clinicians and policymakers of patients who may benefit most from
early treatment interventions and help healthcare systems anticipate capacity surges.

INTRODUCTION
Coronavirus disease 2019 (COVID-19) is an infectious res-
piratory illness caused by the severe acute respiratory syn-
drome coronavirus 2 (SARS-CoV-2).1,2 As of August 15,
2021, the USA continues to report the highest number of
COVID-19 cases (36.6 million) and deaths (618,591) glob-
ally.2 COVID-19 has also contributed to significant health-
care capacity challenges, with a cumulative hospitalization
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rate of 597 per 100,000 population.3 Strategies to mitigate
this disease and healthcare system burden include policies
centered on reducing viral transmission (e.g., social distanc-
ing, wearing masks, and testing and tracing), deployment
of SARS-CoV-2 vaccines, and increasing both hospital beds
and staff.4,5 Although these efforts have helped to flatten the
curve and reduce the acute need for hospital resources, the
long-term healthcare capacity requirements remain unclear as
restrictions on public gatherings begin to relax and 49% of
the U.S. population remains unvaccinated to date.6–8 More-
over, the increase in severe cases due to new highly infectious
SARS-CoV-2 variants (e.g., Delta) could further strain health-
care resources and lead to more hospitalizations and deaths.8

Therefore, development of predictive tools that can assist
with early identification of patients at risk for severe illness
that leads to hospitalization is a high priority.9–12 Such tools
may help to guide clinical decision-making and allocation of
limited resources, as well as help to identify patients that
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may benefit most from early treatment interventions (e.g.,
monoclonal antibodies).13–16

Prediction models of varying quality have been devel-
oped for a wide range of COVID-19 outcomes, including
hospitalization.9–12,17 However, a recent systematic review
reported that they all have a high or uncertain risk of bias.12

This may suggest that the performance of these models will
be optimistic at best in new samples and could potentially
increase the risk of poor patient outcomes owing to insuffi-
cient resource and logistical planning at the hospital level.12

These predictionmodels were created during the early months
of the pandemic and have not been externally validated to date.
Moreover, the limited sample sizes and number of outcome
events derived from local and/or regional healthcare systems
may increase the risk of biasing the model. This may be par-
tially due to differential COVID-19 burden by geography, as
well as potential systemic differences in the characteristics of
patients requiring hospitalization.5 Development and valida-
tion of a prediction model at the national level is warranted to
help improve its generalizability and predictive performance.

Our primary objective was to develop and validate a clin-
ical risk score for predicting 30-day hospitalization among
a national cohort of Veterans Health Administration (VHA)
patients with COVID-19. As the largest integrated health-
care system in the USA, the VHA was required to respond
to COVID-19 in all geographic regions. This offers a unique
opportunity to improve our understanding of risk factors for
hospitalization given the VHA’s diverse operating environ-
ments and patient population.

METHODS
This study was approved by the Veteran’s Institutional Review
Board of Northern New England at the White River Junction
Veterans Affairs Medical Center (Reference no.: 1473972-1).
All study procedures were carried out in compliance with fed-
eral and institutional ethical guidelines. The requirement to
obtain informed consent from study participants was waived
as the Institutional ReviewBoard deemed this study to involve
no more than a minimal risk to the privacy of individuals.
The research data used in this study are not shared publicly
to protect the confidentiality of personal health information.

Data Source and Study Population

The VHA is composed of over 170 medical centers and
1,250 community-based outpatient clinics.18 It provides com-
prehensive medical care to more than 9 million veterans,
including primary and specialty care.18 The VHA has an elec-
tronic medical record system with a centralized Corporate
Data Warehouse, which contains longitudinal information on
receipt of all services provided by VHA facilities including
outpatient and inpatient visits, pharmacological and non-
pharmacological treatments, and laboratory results, as well
as patients’ sociodemographic and clinical characteristics. We
also used publicly available data from The New York Times
COVID-19 tracker to evaluate county-level case burden based

on reports from state and local health agencies across the
50 states and District of Columbia.19 These reports contain
standard geographic identifiers (i.e., Federal Information Pro-
cessing Standards codes), which allowed us to match this
information to our dataset.

Our cohort consisted of all VHA-enrolled patients
(age≥ 18 years) diagnosed with COVID-19 at a VHA facility
between March 1, 2020, and December 31, 2020. We focused
on patients diagnosed within the VHA due to lack of testing
and diagnosis data from non-VHA facilities. Laboratory-
confirmed infections were identified by positive polymerase
chain reaction assays for nasal and nasopharyngeal swab spec-
imens. Patients entered the cohort at the time of specimen col-
lection (index date) to account for any lags in testing results.
We excluded patients that were hospitalized for more than
1 day at the time of specimen collection to ensure our cohort
comprised community-acquired rather than hospital-acquired
infections. We excluded any patients residing outside of the
50 states and District of Columbia due to county-level case
burden data availability. We also excluded patients that did
not have at least one healthcare encounter at a VHA facility
within 2 years before COVID-19 diagnosis. We implemented
this exclusion criterion to ensure patients were active users
of VHA medical services in order to more accurately cap-
ture both hospitalization rates and clinical profiles. Lastly, we
excluded any patients that received a SARS-CoV-2 vaccine
in the pre-testing and post-testing period due to its potential
mitigating effect on disease severity.20

Our primary outcome of interest was 30-day hospitaliza-
tion, defined as hospital admissions occurring within 30 days
of COVID-19 diagnosis. We followed patients through
January 31, 2021, to allow for sufficient assessment time of
our outcome. Patients remained in the cohort until the date
of hospitalization or end of 30-day follow-up, whichever
occurred first.

Study Variables

We selected our study variables based on current literature
describing risk factors for COVID-19 hospitalization and
severity.10,21–23 These include patients’ sociodemographic
characteristics, COVID-19 symptoms, clinical history, and
comorbidities.

We examined county-level case burden and patients’ age,
sex, race, ethnicity, urbanicity of residence, and VHA priority
rating (1-8) at the index date. County-level case burden repre-
sents the average, daily case rate per 10,000 persons in each
county across the USA for which COVID-19 testing occurred.
The VHA priority group served as an indirect proxy for
socioeconomic status as it takes into consideration patients’
income, financial security, Medicaid eligibility, receipt of
VHA assistance benefits (e.g., pension, assisted-living, and
Adult Day Care), and capacity for gainful employment.24–26

It also accounts for health-related factors including severity
of service-connected disabilities, and environmental and/or
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other exposures.24–26 Priority group ratings range from 1 to
8, with lower ratings assigned higher priority by the VHA.
Priority groups 1-4 include patients with service-connected
disabilities rated between 10% and 100%, those who are
unemployable as a result of service-related injury, those with
a recognized status (e.g., Purple Heart recipient), and/or those
who receive pension and/or other assistance benefits from the
VHA.24–26 Priority groups 5-6 include patients with service-
connected disabilities rated as 0%, those eligible for Medi-
caid, and/or those with an annual income below the VHA
national income threshold.24–26 Priority groups 7-8 include
patients with an annual income above the VHA national
income threshold who agree to pay copayments.24–26 We
examined patients’ smoking status and housing status (i.e.,
homeless, nursing home/long-term care residence, or other
housing type) within 2 years before and including the index
date. The “other housing type” group included patients that
did not have any record of homelessness or long-term care
residence during that time. We defined the group this way
because we were unable to confidently distinguish between
residence types (e.g., apartment, single-family houses, or
other) from the address of primary residence recorded in
patients’ electronic medical records. Lastly, we examined
patients’ most recent record of employment status. We did not
restrict the lookback period for this variable as it often remains
static until changes are reported.

We examined the presence of commonly reported mild-
to-moderate COVID-19 symptoms within 14 days before and
including the index date through a combination of Interna-
tional Classification of Diseases, Tenth Revision (ICD-10)
codes and natural language processing of clinician notes in
patients’ electronic medical records. These included fever,
cough, fatigue, nausea, diarrhea, headache, loss of taste or
smell, myalgia, and/or sore throat.27 We focused on mild-
to-moderate symptoms due to the biphasic clinical course of
COVID-19. Patients may present with mild, moderate, or no
symptoms at testing and often return at a later time with severe
illness that requires hospitalization.10,11

We examined the presence of clinical comorbidities within
2 years before and including the index date, as indicated by
the presence of ≥2 outpatient or ≥1 inpatient visit(s) with
an ICD-10 code for the condition. These included asthma,
diabetes, cancer, cerebrovascular disease, chronic obstructive
pulmonary disease, congestive heart failure, coronary artery
disease, dementia, hypertension, liver disease, myocardial
infarction, peripheral vascular disease, and chronic kidney
disease. Additionally, we used patients’ body mass index
(BMI, kg/m2) to generate obesity categories based on the
Centers for Disease Control and Prevention definition for
adult obesity (normal: BMI < 25; overweight: BMI 25-29;
obese: BMI≥ 30).28 We generated a composite immuno-
compromised category through the presence of immunocom-
promising illnesses and/or immunosuppressive therapies.29

Moreover, we calculated patients’ illness burden according to
the Charlson Comorbidity Index. The Charlson Comorbidity

Index score is a validated, weighted measure that predicts 1-
year mortality, with higher scores indicating greater illness
burden.30–32 Lastly, we examined receipt of any influenza vac-
cination before the index date using Current Procedural Ter-
minology codes given that a few recent studies demonstrated
prior vaccination was protective against COVID-related hos-
pitalization.10,33 The timeframe of assessment for vaccination
was between July 1st and December 31st for the 2019-2020
and 2020-2021 influenza seasons.

Statistical Analysis

We used chi-squared test to compare the proportion of cat-
egorical variables and Student’s t-test to compare the mean
with SD of continuous variables between patients that were
hospitalized compared to those who were not. We reported
the proportion of missing data where applicable.

We used least absolute shrinkage and selection operator
(LASSO) logistic regression to screen all study variables
and identify important predictors for 30-day hospitalization.
This method penalizes the absolute size of regression coef-
ficients by using a tuning parameter (λ) to shrink the esti-
mates of weaker predictors toward zero so that only the
strongest predictors are retained. It also reduces the poten-
tial for collinearity of variables and overfitting the model.
We used 10-fold cross-validation to select the λ that resulted
in the most regularized model while controlling the overall
model mean square error within one standard error of the
minimum. We subsequently entered the identified set of pre-
dictors from this model into a multivariable logistic regression
model and constructed the risk score using predictors that
remained statistically significant. Data were missing for three
categorical variables (i.e., smoking status, employment sta-
tus, and BMI). We included these “unknown” classifications
as indicator variables in the model to preserve our sample size
and make use of all available data, as well as assess whether
LASSO selection would identify these variables as measures
of significant importance.

We identified a total of 24,443 VHA patients with
COVID-19 during the study period. We built our model using
a development cohort, which comprised 11,473 patients tested
for COVID-19 before November 1, 2020. To assess our
model’s validity and functionality over time, we “prospec-
tively” tested it in a validation cohort composed of 12,970
patients tested for COVID-19 on or after November 1, 2020.
We determined the division of patients into development and
validation cohorts based on the timeframe that provided us
with approximately equal sample sizes, allowing us to more
confidently develop and test the model. We used this approach
to examine whether the relationship between various risk fac-
tors and COVID-19 hospitalization could have changed over
time, and to align with methods used in other studies that
developed and validated risk scores for COVID-19 outcomes
(e.g., hospitalization and/or mortality).9,10,17,34 We assessed
model discrimination in both the development and validation
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cohorts by calculating the area under the receiver operating
characteristic (AUROC) curve. We also assessed model cal-
ibration in both cohorts using the Hosmer–Lemeshow (HL)
goodness-of-fit test, which rejects the null hypothesis that
the fit is poor if P≥ .05. Lastly, we calculated sensitivity,
specificity, positive predictive value, and negative predictive
value at varying cutoffs of predicted risk. All analyses were
performed using Stata/MP version 15.1 software (StataCorp,
2015).

Sensitivity Analysis

In order to assess the potential for bias introduced by the
use of temporal training in the primary analysis, we tested
our development model’s performance in a second valida-
tion cohort that represented a random sample comprising
50% (N= 12,222/24,443) of all patients with no timeframe
restriction.

RESULTS

Patient Characteristics

Among the development and primary validation cohorts, a
total of 4,465 (38.9%) and 3,669 (28.3%) were hospitalized,
respectively. Patient characteristics for both cohorts are pre-
sented in Table S1. Among the secondary validation cohort
in our sensitivity analysis, a total of 4,125 (33.8%) patients
were hospitalized. Patient characteristics for the secondary
validation cohort may be found in Table S2.

Hospitalized compared to nonhospitalized patients in the
development cohort were older (mean= 68.5, SD= 13.2 vs.
mean= 57.3, SD= 15.5) and more likely to be male (94.6%
vs. 87.7%). Although both groups were largely white, the
hospitalized group had a higher frequency of black patients
(36.0% vs. 30.6%). Approximately five times as many hospi-
talized patients were nursing home/long-term care residents
(12.1% vs. 2.4%), and they were more likely to be homeless
(8.1% vs. 4.5%), unemployed (45.6% vs. 35.8%), or retired
(29.1% vs. 16.4%). Hospitalized patients had a higher fre-
quency of COVID-19 symptoms including fever (54.4% vs.
39.6%) and fatigue (17.1% vs. 6.6%). They also had more
comorbidities including hypertension (72.7% vs. 47.0%), dia-
betes (47.0% vs. 26.4%), chronic obstructive pulmonary dis-
ease (24.4% vs. 12.2%), immunocompromised status (27.5%
vs. 14.3%), coronary artery disease (25.1% vs. 11.0%), and
chronic kidney disease (23.2% vs. 7.2%). Patient charac-
teristics in the validation cohort were largely similar to the
development cohort (Table S1). Of note, we observed differ-
ences for race between the development (black 36.0%, white
56.7%) and validation (black 25.0%, white 67.9%) cohorts, as
well as county-level case burden.

Predictor Selection and Risk Score Development

The variables identified as predictors for hospitalization by
LASSO selection and included in the adjusted logistic model
were age, male sex, non-white race, Hispanic ethnicity,

homelessness, nursing home/long-term care residence, unem-
ployed or retired status, fever, fatigue, diarrhea, nausea,
cough, diabetes, all stages of chronic kidney disease (1-3
and 4-6), hypertension, and chronic obstructive pulmonary
disease (Table I). The strongest predictors for 30-day hospital-
ization risk were age≥65 years, nursing home/long-term care
residence, and chronic kidney disease stages 4-6. All vari-
ables remained statistically significant and were included in
the risk score. The total sum of risk score points corresponds
to an individualized, predicted risk of 30-day hospitalization.
For example, a patient that is male (2-points), 57 years old
(6-points), black (3-points), non-Hispanic (0-points), febrile
(5-points), experiencing diarrhea (2-points), and has diabetes
(3-points) will have a total risk score point value of 21 and pre-
dicted 30-day hospitalization risk between 31% and 40%. The
predicted 30-day hospitalization risk associated with varying
ranges of total risk score points may be found in Table II.
The sensitivity, specificity, positive predictive value, and neg-
ative predictive value of the risk score at varying cutoffs of
predicted risk may be found in Table III.

Risk Score Performance

Risk score discrimination in the development cohort was
good, with an AUROC of 0.80 (95% CI: 0.78-0.81). The pre-
dicted and observed 30-day hospitalization risks were well-
aligned, indicating successful calibration (HL P-value= .05).
Risk score performance was identical in the primary valida-
tion cohort, with an AUROC of 0.80 (95% CI: 0.78-0.81) and
HL P-value of .31.

From our sensitivity analysis, the development model
performed identically in the secondary validation cohort
(AUROC= 0.80, 95% CI: 0.78-0.81; HL P-value= .41).

DISCUSSION
To the best of our knowledge, this is the first study using
a national cohort of U.S. patients to develop and validate a
predictive risk score that may provide an individualized, esti-
mated risk of hospitalization within 30 days of COVID-19
diagnosis. Our results demonstrated an elevated hospital-
ization risk among patients that were 65 years and older,
male, non-white, Hispanic, homeless, nursing home/long-
term care residents, unemployed, retired, and/or experiencing
symptoms of fever, fatigue, diarrhea, nausea, and/or cough.
Additionally, our results confirmed that the presence of preex-
isting medical conditions is predictive of hospitalization risk
including diabetes, chronic kidney disease, hypertension, and
chronic obstructive pulmonary disease. The predictive perfor-
mance of our risk score was good, as evidenced by successful
discrimination and calibration in both the development and
validation cohorts.

There are a few prediction tools available for hospitaliza-
tion risk among patients with COVID-19.9–12 However, none
of these tools are currently recommended for widespread use
in clinical practice due to high risk of bias.10,12 Jehi et al.
developed a risk score calculator for 30-day hospitalization
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TABLE I. Adjusted Odds Ratios with 95% CIs and Number of
Risk Score Points for 30-day Hospitalization, U.S. Veterans Health
Administration Development Cohort (March 1, 2020-October 31,

2020)

Characteristic Odds ratio (95% CI) Risk score points

Sociodemographic
Age in years
≤44 1.00 (reference) 0
45-54 1.56 (1.27-1.93) 4
55-64 2.20 (1.81-2.68) 6
65-74 3.86 (3.18-4.70) 10
≥75 7.50 (6.00-9.37) 16
Male (vs. female) 1.25 (1.03-1.52) 2
Race
White 1.00 (reference) 0
Other 1.20 (1.02-1.49) 1
Black 1.44 (1.28-1.61) 3
Hispanic (vs. non-
Hispanic)

1.54 (1.27-1.87) 3

Housing status
Nursing home/long-
term care

3.93 (3.08-5.03) 11

Homeless 2.16 (1.72-2.70) 6
Other housing type 1.00 (reference) 0
Employment Status
Employed 1.00 (reference) 0
Retired 1.29 (1.11-1.50) 2
Unemployed 1.58 (1.41-1.78) 4

COVID-19
Symptoms

Fever 2.00 (1.79-2.22) 5
Cough 1.14 (1.03-1.28) 1
Fatigue 2.07 (1.75-2.44) 6
Diarrhea 1.36 (1.19-1.55) 2
Nausea 1.45 (1.24-1.69) 3

Clinical Comorbidi-
ties

Diabetes 1.48 (1.32-1.65) 3
Hypertension 1.22 (1.08-1.37) 2
Chronic obstructive
pulmonary disease

1.46 (1.27-1.67) 3

Chronic kidney
disease
Stages 1-3 1.48 (1.23-1.79) 3
Stages 4-6 3.68 (2.63-5.16) 10

using a cohort of 4,536 patients diagnosed with COVID-19
between March 8 and June 5, 2020, from one healthcare
system in Ohio and Florida.10 Similar to our findings, the
authors reported that increasing age, male sex, non-white
race, hypertension, diabetes, fever fatigue, and diarrhea were
significant predictors of hospitalization.10 They also iden-
tified other predictors of hospitalization including certain
pre-testing laboratory values (e.g., alanine aminotransferase,
blood urea nitrogen, chloride, and potassium) and additional
COVID-related symptoms (e.g., shortness of breath and vom-
iting).10 Our goal was to develop a predictive risk score that
can identify at-risk patients early in the disease course to
help prevent progression to severe illness. Therefore, we

TABLE II. Range of Total Risk Score Points and Associated
30-day Hospitalization Risk following Coronavirus Disease 2019

Diagnosis

Total risk score points
Predicted 30-day
hospitalization risk (%)

0-8 ≤10
9-14 11-20
15-18 21-30
19-22 31-40
23-25 41-50
26-28 51-60
29-32 61-70
33-37 71-80
38-44 81-90
≥45 91-100

focused on mild rather than severe (e.g., shortness of breath)
symptoms given that severe symptoms are an indication for
hospitalization in the previously described biphasic clinical
course of COVID-19.11,35 We believe this could potentially
improve the utility of our risk score as a meaningful prediction
tool and increase opportunities for early intervention. Fur-
thermore, we did not include pre-testing laboratory results
as they may not be available at the time of risk assessment,
thereby limiting feasibility of use. The discriminatory abil-
ity of the risk score developed by Jehi et al. is slightly better
than ours, with an AUROC of 0.90 and 0.81 in the develop-
ment and validation cohorts, respectively.10 This difference
may be expected due to some variation in included predic-
tors, populations, timeframes of assessment, and geographic
scope (national vs. regional).

We validated our development model using two different
cohorts (i.e., “prospective” and 50% random sample), which
allowed us to assess the model’s performance in settings with
varying levels of absolute COVID-19 risk. We found that
our development model was able to identify patients at risk
for hospitalization at the same level of accuracy in each val-
idation cohort. This could suggest that the risk factors for
hospitalization identified in this study will likely remain con-
sistent despite possible temporal and/or regional differences.
Although this may provide additional support for the valid-
ity and clinical utility of our risk score, future work should
assess its applicability to other populations including those
who are vaccinated for SARS-CoV-2 and/or infected with a
SARS-CoV-2 variant.

There are several advantages of the risk score for 30-day
COVID-19 hospitalization developed in this study. It may be
readily administered by both clinical and nonclinical staff in
an outpatient setting, and the information needed to calculate
an individual’s risk of severe illness and/or hospitalization is
easily attainable and timely (i.e., does not require laboratory
testing). Patients may also be able to assess their risk at home
and discuss the results with their clinician via telemedicine
to avoid further community exposure, as well as unnecessary
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TABLE III. Sensitivity, Specificity, Positive Predictive Value, and Negative Predictive Value of the 30-day Hospitalization Risk Score at
Varying Cutoffs of Predicted Risk, U.S. Veterans Health Administration Validation Cohort (November 1, 2020, to December 31, 2020)

Predicted risk Sensitivity Specificity Positive predictive value Negative predictive value

10% 94.5% 34.9% 33.7% 94.8%
30% 66.2% 77.1% 50.3% 86.7%
50% 34.8% 93.1% 63.7% 80.3%
70% 13.7% 98.8% 78.7% 76.6%
90% 2.1% 99.9% 83.3% 74.5%

hospitalization. Additionally, clinical studies have shown that
outpatient use of monoclonal antibodies are efficacious for
early treatment of patients with mild-to-moderate illness who
are at risk for developing severe illness and/or hospitaliza-
tion, reducing the risk of hospitalization or death by 70%-
87%.13–16 The risk score developed in this study may help
to identify and inform policymakers of patients who could
benefit from early COVID-19 treatment interventions as more
information regarding safety and efficacy becomes available.
Lastly, this predictive risk score could potentially be used to
help healthcare systems anticipate capacity surges and allo-
cate resources accordingly. Future research could build on this
work through development of models that may predict neces-
sary staffing levels andmedical supplies, as well as investigate
the impact of adequate staffing and treatment capacity on
COVID-19 outcomes.

Limitations

Our study included patients that were tested for SARS-CoV-2
within the VHA healthcare system. It is important to acknowl-
edge that the VHA typically treats a population that is older,
predominantly male, clinically complex, and have greater risk
behaviors compared to the non-VHA population.36 Approxi-
mately one-third of the total VHA patient population resides
in rural locations where telemedicine may play an integral
role in care delivery due to travel distance from VHAmedical
centers and other access barriers.36,37 Additionally, close to
150,000 veterans are homeless, one-half of which are black
or Hispanic.37 More than 40,000 veterans reside in VHA-
funded nursing home/long-term care facilities.38 During the
COVID-19 pandemic, many VHA facilities were closed to
routine care, and it is possible that our cohort may be biased
toward patients that underwent SARS-CoV-2 testing during
a healthcare encounter that could not be postponed. There-
fore, patients in this study could potentially be less healthy
or reflective of the overall VHA population. Reassuringly, we
found that the frequency and type(s) of comorbidities in this
study were similar to those reported among hospitalized and
non-hospitalized patients with COVID-19 in published liter-
ature from the non-VHA population.10,12 Further research is
warranted to determine the generalizability of our findings to
the overall VHA and non-VHA population.

Similarly, we limited our analysis to patients that were
hospitalized for COVID-19 at a VHA facility. Although we

attempted to more accurately capture hospitalization rates
by excluding patients that were not active users of VHA
medical services, we cannot rule out the possibility of VHA-
tested patients being hospitalized at non-VHA facilities given
geographic differences in hospital bed capacity and other
resource limitations over time. This could lead to under- or
over-reporting of rates for both hospitalization and risk fac-
tors examined in this study, potentially biasing the magnitude
of hospitalization risk associated with each characteristic of
interest.

We attempted to exclude patients that were vaccinated for
SARS-CoV-2 due to its potential mitigating effect on disease
severity. However, it is possible that our data may not com-
prehensively capture vaccinations rendered at non-VHA facil-
ities, including vaccines for both SARS-CoV-2 and seasonal
influenza. Many VHA patients utilize non-VHA facilities for
annual flu shots, which are not routinely recorded in patients’
electronic medical record. This often requires supplemen-
tation of VHA data with outside sources (e.g., Centers for
Medicaid andMedicare Services) that were not available to us
at the time of this study. Therefore, it is likely that the rate of
influenza vaccination reported in this study is underestimated.
On the other hand, we believe our SARS-CoV-2 vaccination
data may be less susceptible to similar issues given that vac-
cines were much more readily available in VHA compared
to non-VHA facilities during the initial months of vaccine
rollout (beginning December 14, 2020).39 Nevertheless, we
are unable to rule out the possibility of patients with non-
VHA vaccinations for SARS-CoV-2 being included in this
study. Given the timeframe under investigation (March 2020-
December 2020), it is unlikely that SARS-CoV-2 vaccinations
would meaningfully affect our results.

Although we selected our study variables to align with cur-
rent literature on risk factors for COVID-19 hospitalization
and severity, it is possible we missed clinical characteristics
and lifestyle factors that are uniquely relevant to the vet-
eran population and/or affect patients’ overall health, includ-
ing substance abuse disorders.40 Future work is needed to
externally validate our findings on risk factors for hospital-
ization in the general population, as well as among particular
sub-populations of interest (e.g., immunocompromised).

CONCLUSION
Early identification of patients with COVID-19 who are at
high risk for hospitalization may help prevent progression to
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severe illness, assist with clinical decision-making, and allevi-
ate disease burden on a healthcare systemwith finite resources
and capacity. We developed a well-performing prediction risk
tool that can be easily implemented in the outpatient setting
to assist with this process.
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