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Abstract—National COVID Cohort Collaborative (N3C) en-
clave provides health researchers with a rich dataset from 76
contributing clinical sites. However, the harmonized data lacks
certain details available in sites’ local electronic health records
(EHRs), such as the principal diagnosis code for reported
emergency department (ED) and inpatient (IP) visits. This
means a principal diagnosis of COVID-19 can only be inferred
by applying a time relationship between the visit dates and the
record of infection and diagnosis. The purpose of this study
is to perform a single-site sensitivity analysis modeled after
an N3C study examining potential race-ethnicity based bias in
hospitalization decisions during COVID-19 related ED visits.
The analytic pipeline was first run in N3C, then reproduced
locally with N3C data fields from a single-site, and finally run a
third time using the additional principal diagnosis data. We find
the effects of patient comorbidities and race-ethnicity groups on
direct IP admittance to be consistent among the three cohorts
with varying levels of statistical significance due to different
sample sizes.

I. INTRODUCTION

The coronavirus disease of 2019 (COVID-19) is an illness
caused by the highly transmissible betacoronavirus severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2).
Between February 2020 and September 2021, the CDC
estimates that 146.6 million individuals were infected by
COVID-19 in the United States, resulting in approximately
921,000 deaths [1] . Several initiatives have sought to utilize
the variety of data collected from the pandemic in order to
further assess COVID-19, including improving our knowl-
edge on potential risk factors, preventative measures, and
long-term health consequences [2]. The National COVID
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Cohort Collaborative (N3C) enclave is a secure analytic
environment that contains coded data from health records for
over 18 million patients from 76 contributing clinical sites.
Of these patients, over 7 million are confirmed to be COVID
positive [3]. Within the N3C enclave, a data pipeline has
been constructed that applies generalized estimating equation
(GEE) modeling to assess the hospitalization outcomes of
COVID-positive patients in the emergency department. This
modeling was implemented to investigate inequalities in
COVID-19 patient admissions from the ED and IP based
on demographic features [4] [S]. The goal of this paper is to
determine if the N3C enclave data processing pipeline can be
applied to patient data collected from a single clinical site,
and how the results of single-sitte GEE modeling compare
to the results seen in the enclave. The enclave’s primary
limitation is that the data does not include patient principal
diagnosis, and thus a principal diagnosis of COVID-19 can
only be approximated by temporal means. Single-site data,
however, includes principal diagnosis information, as well as
information that indicates whether a patient was directly ad-
mitted from the ED. Therefore, this work aims to evaluate the
pipeline’s performance on single-site data by incorporating
the principal diagnosis and reason for ED visit/hospitalization
information.

II. RELATED WORK

Many statistical and machine learning models have been
created to investigate the disparities in treatment among
COVID-19 patients. Biological vulnerabilities such as gender,



TABLE I
BREAKDOWN OF DEMOGRAPHICS, COMBORBIDITIES, AND HOSPITALIZATION STATISTICS BY COHORT

Number of Patients

UVA Data (Temporal Diagnosis) [UVA Data (Principal Diagnosis] N3C Enclave Data

9841 Patients 759 Patients 681889 Patients
Demographics
Age (65 or Older) 2606 (26.5%) 220 (29.0%) 147239 (21.6%)
Gender
Male 4666 (47.4%) 390 (51.4%) 308646 (45.3%)
Female 5175 (52.6%) 369 (48.6) 373243 (54.7%)
Race/Ethnicity
Asian NH 604 (6.2%) 23 (3.0%) 19645 (2.9%)
Black/African American NH 2689 (27.3%) 209 (27.5%) 186571 (27.3%)
White NH 6548 (66.5%) 527 (69.5%) 475673 (69.8%)
Comorbidities Prior or During COVID Index Date
Complicated Diabetes 956 (9.7%) 144 (19.0%) 63132 (9.3%)
HIV Positive 42 (0.4%) 4 (0.5%) 3267 (0.5%)
Congestive Heart Failure 373 (3.8%) 28 (3.7%) 31048 (4.6%)

Malignant Cancer

761 (7.7%)

93 (12.2%) 39928 (5.9%)

Obesity

3061 (31.1%)

383 (50%) 224002 (33.9%)

Chronic Lung Disease 1406 (14%) 158 (20.8%) 104717 (15.4%)
Hospitalization after ED
Overall 2175 (22%) 342 (45%) 104627 (15.3%)
By Race/Ethnicity
Asian NH 60 (9.9%) 6 (26.1%) 3935 (20.0%)
Black/African American NH 533 (19.8%) 97 (46.4%) 20754 (11.1%)
White NH 1582 (24.2%) 239 (45.3%) 79938 (16.8%)

age, obesity, and certain medical comorbidities have all been
identified as contributing to severe disease complications and
death [2]. Additionally, research has found that minority
individuals, especially those of African American, American
Indian or Alaska Native, and Hispanic or Latino descent,
were of the highest risk to contract SARS-CoV-2, and to
develop COVID-19 illness that results in a fatality [6].
Another study conducted in 2022 with 43,222 adult veter-
ans using a multivariable random effects logistic regression
model found that African American patients had lower odds
of receiving COVID-19 specific treatments [7]. A similar
logistic regression study on 505,992 patients concluded that
African Americans have a higher mortality rate with COVID-
19 that is not explainable by differences in age, comorbidities,
or social determinant of health variables [4]. The work
described in this paper is a direct extension of previous
modeling in the N3C enclave conducted to analyze disparities
between race-ethnicity groups in patient hospitalization after
a COVID-associated ED visit [5]. Generalized estimating
equations general linear modeling (GEE GLM) were used
to account for unknown correlations between health care
sites and predictor variables. Analysis of the cohort revealed
that Asian had a higher probability of being hospitalized
after an ED visit and African American patients had a
lower probability of being hospitalized after an ED visit as
compared to White patients. The work presented in this paper
builds upon the previous modeling by applying similar GLM
models to single-site data.

III. DATA

The data for this study comes from two sources. The
first is the National COVID Cohort Collaborative (N3C), a
secure enclave that currently provides controlled access to
harmonized clinical data from 76 sites in order to advance
COVID-19 research and effectively prepare for subsequent
global health emergencies [3]. N3C hosts a high performing
cloud computing platform, referred to as the N3C enclave,
which allows researchers to conduct analyses on patient data
in a secure environment. This study, which utilizes patient
data from January 2018 to December 2022, was cleaned
and prepared through the N3C Logic Liaison’s COVID-19
Diagnosed or Lab Confirmed Patients template, a PySpark
pipeline that is available in the N3C Knowledge Store and
also publicly in GitHub [8]. Per N3C community practices
for identifying the first COVID-19 associated ED or patient
admission was tagged as COVID-related if ED or hospital
admission occurred in the 16 days after or 1 day prior to a
positive PCR or AG test. Additionally, ED to IP visits flags
are generated using both temporal admission data and the
macro-visit patient table, since the actual encounter type is
not included in N3C patient data. The data from the N3C
enclave formed the first cohort used in this analysis with
a total of 681,889 patients (Table I). The second source of
data was a single clinical site which is a data contributing
member to N3C, the University of Virginia (UVA) Health
System. This dataset, consisting of the same Observational
Medical Outcomes Partnership (OMOP) data tables for UVA



COVID-positive patients that are submitted to N3C, was de-
identified by a local data steward and uploaded to Rivanna,
UVA’s secure computing platform. In order to transform the
UVA sourced data into cohort tables matching the enclave
format, the original N3C Logic Liaison PySpark pipeline
was converted to Python to be used outside the enclave. The
Python pipeline (described in Section IV) can be used to ana-
lyze any standardized clinical OMOP data. The UVA clinical
data was successfully augmented through the Python pipeline
and retained the N3C-defined temporal tagging of COVID-
related ED and hospital visits. This temporally tagged UVA
Health data formed the second cohort used in this analysis
with 9,841 total patients. Finally, because the UVA patient
data included records of COVID-19 principal diagnosis and
ED to IP admission, this additional data was used to generate
the COVID-related ED and IP visit tags without relying
on temporal inference. This data augmentation reveals how
true principal diagnosis information narrows the pool of
COVID-related ED to IP visits. The patient visits tagged
were those with both COVID-19 as a principal diagnosis and
dated within the CDC defined timeframe of the COVID-19
positivity index date. This ensures that the analyses remain
analogous in that tagged visits occur at the time of the
initial COVID infection, and are not related to a re-infection.
The UVA data tagged using principal diagnosis information
formed the third cohort used in this analysis with a total of
759 patients (Table I). For both of the cohorts using UVA
patient data, ED to immediate IP admission is determined
using the recorded encounter type. Since the patient records
for UVA provide an actual encounter type it does not have
to be approximated, unlike in the N3C enclave. These two
cohorts also fall under UVA Health institutional policy, so
analyzing groups with less than 20 patients is permissible.
All N3C data used has at least 20 patients in each group, per
N3C policy.

IV. METHODS

The N3C Logic Liaison pipeline is a series of functions
that are used to create a patient-level summary table of
COVID-positive patients. The pipeline generates default de-
rived variables for 29 pre-COVID, during-COVID, and post-
COVID comorbidities and critical events. Figure 1 shows
the architecture of the N3C Logic Liaison pipeline. Figure 2
shows the implementation of the pipeline to obtain cohorts
from the data. Several study-specific variables were created
to indicate various ED outcomes of interest. All COVID-19
associated ED visits (based on the analysis specific definition)
and ED visits that resulted in immediate hospitalization were
tagged for use in modeling patient outcomes. Variables were
also created for each comorbidity in the cohorts, with a 1
indicating the presence of the comorbidity in the patient and
a 0 indicating the absence. The presence of comorbidities and
the proportion of racial and ethnic groups within each of the
three patient cohorts were compared. Comorbidities of inter-
est were determined based on those used in previous mod-
eling work [5]. Across the three cohorts, the Black/African
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Fig. 1. The Logic Liaison Pyspark pipeline and Python pipeline are identical.
The Python pipeline was adapted only for Cohort 3 at the Visits of Interest
node to create COVID-associated ED and IP visits based on principal
diagnosis rather than temporal approximation.
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Fig. 2. The pipelines were applied to their respective data sources to create
the ED Cohorts to be used for modeling.

American non-Hispanic population has the highest average
number of comorbidities per patient (Figure 3). Further, the
UVA cohort tagged with principal diagnosis has the highest
average comorbidity number per patient (Figure 3). Finally,
the proportions of racial-ethnic groups and the distributions
of age, gender, and comorbidities across the racial-ethnic
groups are alike for all three cohorts (Table I) (Figure 4).

V. MODELING

GLM modeling is used to predict if patients are admitted
directly to the hospital from the ED on the three COVID-
positive cohorts: N3C enclave patients, UVA patients tagged
temporally, and UVA patients tagged with principal diag-
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Fig. 4. Proportion of Race/Ethnicity Groups per Cohort. PD indicates
principal diagnosis tagging. TD indicates temporal inference tagging.

nosis. The N3C enclave cohort uniquely implements GEE
GLM to account for site clustering in the data. GLM is
utilized because it allows the response variable to have an
arbitrary distribution, rather than imposing a normality as-
sumption. Since the ED to hospitalization outcome is binary,
a Bernouilli distribution is best suited for this analysis. Ad-
ditionally, GLM allows an arbitrary function of the response
variable to vary linearly with the predictors. In this case, a
logit link function is used [9]. The GLM parameters include
patient comorbidities, age, gender, and racial-ethnic group.
The comorbidities remained consistent with those identified
in the previous modeling work, and included diabetes, HIV
infection, congestive heart failure, malignant cancer, obesity,
and chronic lung disease [5]. Racial-ethnic groups are used
as model parameters to determine whether they play a signifi-
cant role in patient IP admission; however, the groups ‘Amer-
ican Indian or Alaskan Native’ and ‘Native Hawiian or Other
Pacific Islander’ were both removed because the few patient
records are not representative of the larger ethnic group. Only
patients with records of age, gender, and ethnic/racial group
are included in the model. Forest plots of the parameters’
odds ratios were created to investigate significance. The odds

ratios statistically quantify the association between direct
admittance and each variable (Figure 5 6 7). An odds ratio
of 1 indicates that the likelihood of direct IP admittance
is not changed by a variable’s presence or absence in a
patient. The odds ratios are assessed using a significance
level of 0.05, or equivalently, 95 percent confidence in the
variables’ estimated odds intervals. Additionally, a Pearson’s
Chi-squared test is used to assess whether the proportions of
direct IP admittance across racial-ethnic groups are signifi-
cantly different for the two UVA cohorts. The ethnic-racial
groups analyzed are the same as those in the GEE modeling:
Black/African American Non-Hispanic, Asian Non-Hispanic,
and White Non-Hispanic.

VI. RESULTS

The odds ratios for the three GEE models’ variables
are assessed to determine whether age, gender, racial-ethnic
group, or comorbidities are significant in a patient’s direct
admittance from the ED to the hospital. As expected, the
confidence intervals and significance levels for each of the
models’ variables are indicative of the respective cohort sizes.
The model for N3C enclave data has the greatest variable
significance due to its large cohort size (Figure 7). The
model for UVA data tagged temporally has moderate variable
significance due to its intermediate cohort size (Figure 5).
The model for UVA data tagged with principal diagnosis
has limited variable significance due to its small cohort size
(Figure 5).

Across the three cohorts, the point-estimates for each
variable are consistent. The variables which increase the
likelihood of direct IP admission are being male or older in
age, or having any of the comorbidities (malignant cancer,
HIV infection, diabetes, congestive heart failure, and chronic
lung disease). The Black/ African American non-Hispanic
racial-ethnic group has decreased likelihood of direct IP
admission. The only difference between models is in the
Asian non-Hispanic ethnic-racial group which has increased
odds of direct IP admittance in the N3C enclave cohort
and decreased odds in the UVA cohorts. The Pearson’s Chi-
squared test further investigates the proportion of direct IP
admittance among racial and ethnic groups. Similar to the
GEE model results, direct IP admittance varies significantly
among the three racial-ethnic groups for the UVA cohort
tagged temporally, but not for the UVA cohort tagged with
principal diagnosis. For the UVA cohort tagged temporally,
there is less than a 0.1 percent chance of obtaining such
varying proportions among racial-ethnic group direct IP
admittance if they are truly all equivalent.

VII. CONCLUSIONS AND FUTURE WORK

The work described in this paper demonstrates that the
large-scale pipeline in N3C built to process millions of
COVID-19 patient records across multiple sites can success-
fully be converted from PySpark to Python and applied to
data from a single clinical site. When the pipeline is run on
single-site data from the University of Virginia Health system
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and GEE GLM modeling is implemented, the impact of pa-
tient characteristics and comorbidities on direct IP admission
is consistent with those in the N3C enclave. The pipeline has
further been adapted to utilize information, such as principal
diagnosis and ED to IP admittance, which is available in
local electronic health records. This data augmentation has
refined the pipeline by removing temporal approximations of
COVID-19 diagnosis, subsequently decreasing the number
of COVID-positive patient visits. The impact of patient
characteristics and comorbidities on direct IP admittance are
consistent between the single-site UVA COVID-19 ED co-
horts tagged temporally and tagged using principal diagnosis.
For all three cohorts, patients who are male, older, obese, or
have malignant cancer, HIV infection, diabetes, congestive
heart failure, or chronic lung disease are more likely to be
directly admitted. Patients who are Black/African American
non-Hispanic are less likely to be admitted. This is in spite
of Black/African American non-Hispanic patients having the
greatest number of comorbidities on average for each of
the cohorts. Differences in statistical significance among the
variables are due to the smaller sample size of the single-site
data. This is evidenced by all of the parameters aside from
HIV positivity having significance in the N3C enclave anal-
ysis. Overall, while the effects of patient characteristics and
comorbidities can be speculated using single-site data, the
vast amount of information in the N3C enclave is necessary
to determine whether the effects are significant. Therefore,
while single-site data provide important data enrichments that
the enclave data currently lacks, the enclave data provide
the necessary data volume to derive statistically significant
findings. If contributing sites could provide primary diagnosis
data to N3C, analyses investigating COVID-related ED and
hospital visits could be refined to leverage this data in the
larger multi-center dataset. Future work can evaluate groups
of interest including patients with social determinants of
health variables, as well as patients with dementia, pregnant
patients, and patients that are experiencing housing insecu-
rity. Further, aside from the current analysis of direct IP
admittance, the pipeline can be utilized to analyze disparities
in treatment types and subsequent patient outcomes for
hospitalized patients. Overall, this pipeline is a tool that can
be utilized to investigate factors contributing to COVID-19
patient outcomes for OMOP data sources outside of the N3C
enclave.
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