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ABSTRACT

Objective: To characterize COVID-19 patients in Indiana, United States, and to evaluate their demographics and

comorbidities as risk factors to COVID-19 severity.

Materials and Methods: EHR data of 776 936 COVID-19 cases and 1 362 545 controls were collected from the

COVID-19 Research Data Commons (CoRDaCo) in Indiana. Data regarding county population and per capita

income were obtained from the US Census Bureau. Statistical analysis was conducted to determine the associa-

tion of demographic and clinical variables with COVID-19 severity. Predictive analysis was conducted to evalu-

ate the predictive power of CoRDaCo EHR data in determining COVID-19 severity.

Results: Chronic obstructive pulmonary disease, cardiovascular disease, and type 2 diabetes were found in

3.49%, 2.59%, and 4.76% of the COVID-19 patients, respectively. Such COVID-19 patients have

significantly higher ICU admission rates of 10.23%, 14.33%, and 11.11%, respectively, compared to the entire

COVID-19 patient population (1.94%). Furthermore, patients with these comorbidities have significantly higher

mortality rates compared to the entire COVID-19 patient population. Health disparity analysis suggests potential

health disparities among counties in Indiana. Predictive analysis achieved F1-scores of 0.8011 and 0.7072 for

classifying COVID-19 cases versus controls and ICU versus non-ICU cases, respectively.

Discussion: Black population in Indiana was more adversely affected by COVID-19 than the White population.

This is consistent to findings from existing studies. Our findings also indicate other health disparities in terms

of demographic and economic factors.

Conclusion: This study characterizes the relationship between comorbidities and COVID-19 outcomes with

respect to ICU admission across a large COVID-19 patient population in Indiana.
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Lay Summary

Our study has 3 goals: (1) to perform risk-factor analyses to relate pre-existing comorbidities with the risk of ICU admission

for COVID-19 patients; (2) to perform health disparity analyses to examine the association between the prevalence of COVID-

19 with epidemiological and socio-economic factors; (3) to perform predictive analyses to determine the predictive power of

patient EHR data in predicting COVID-19 infection and need for ICU treatment. EHR data of 776 936 COVID-19 cases and

1 362 545 controls were collected from the COVID-19 Research Data Commons (CoRDaCo) in Indiana. From our risk-factor

analysis, age and the presence of comorbidity were found to be associated with an increased risk of ICU admission and

mortality. Furthermore, patients with comorbidities have significantly higher mortality rates compared to the entire COVID-

19 patient population. Black patient population in Indiana was found to be more adversely affected by COVID-19 than the

White patient population. Our analysis revealed potential health disparities that indicate differences in accessibility to health-

care and representation in CoRDaCo. The results from predictive analyses suggest that CoRDaCo EHR data are informative

enough to predict a patient’s risk of infection to COVID-19 and whether a COVID-19-infected patient needs ICU admission.

INTRODUCTION

On March 11, 2020, the World Health Organization declared the

Coronavirus disease 2019 (COVID-19) a pandemic.1, 2 COVID-19

is caused by the novel coronavirus severe acute respiratory syn-

drome coronavirus-2.3, 4 As of October 17, 2022, there were more

than 621 million reported cases and more than 6 million deaths

globally.5 The United States, with over 95 million cases reported

and more than 1 million deaths, continues to be impacted by this

virus.6 The first case in Indiana was reported in March 2020.7 As of

October 17, 2022, there have been over 1.7 million reported cases

and over 22 000 confirmed deaths attributed to COVID-19 in Indi-

ana.8 The most common symptoms of COVID-19 include fever,

cough, and fatigue. Other symptoms include shortness of breath,

headache, loss of taste and/or smell, diarrhea, and vomiting.3, 9

Recent work has shown that the presence of chronic obstructive pul-

monary disease (COPD), cardiovascular disease (CVD), hyperten-

sion, and diabetes mellitus may increase the risk of COVID-19

severity.10, 11 In addition, older age, male sex, COPD, and diabetes

mellitus are associated with increased risk of mortality.12, 13 Under-

standing the relationship between comorbidities, and in general,

health conditions, and COVID-19 patient outcomes is important to

determine patient-specific prognoses for the disease.14 While most

existing work concentrates on COVID-19 patients across nations15

or in specific hotspots,16–20 not many have focused on the Midwest

of the United States.21–23 The Midwest has some of the highest prev-

alence of comorbidities, specifically hypertension, COPD, and dia-

betes.24–26 Therefore, analysis of a large, comprehensive cohort of

focused Midwest patients is important to better decipher the rela-

tionship between comorbidities and COVID-19 outcomes in this

region. In this study, the EHR data of 776 936 COVID-19 patients

(cases) and 1 362 545 patients with negative COVID-19 tests from

the state of Indiana was examined.

Background and significance
A large volume of studies have examined the relationship between

COVID-19 and comorbidities.10, 27–33 This body of literature has

allowed researchers to estimate the association of co-morbidities

with major COVID-19 outcomes, such as hospitalization, ICU

admission, and death. Most of the existing work used small cohorts

and thus the results may not be representative. Although there are

studies16, 27, 34 with moderately large patient cohorts, they primarily

considered patients who were critically ill and hospitalized with

COVID-19. Specifically, Fried et al27 presented the patient charac-

teristics and identified clinical factors for 11 721 patients hospital-

ized for 7 days on average with COVID-19 across the United States.

Although this study has one of the largest patient cohorts in the liter-

ature, the patient population is unevenly distributed across states

with the Midwest being the most under-represented region (consti-

tuting only 4% of patients). Moreover, the conclusions from this

study could have been dominated by the over-represented Northeast

region, and might not be generalized to Indiana with good faith. In

order to address this, Nanda et al28 developed a well-characterized

cohort of 1169 adult COVID-19 positive patients from the Mid-

west. However, the cohort size is quite small. Nonetheless, most of

these studies did not consider cohorts in early or late stages of

COVID-19. Meanwhile, the National COVID Cohort Collaborative

(N3C)15 established a very large and comprehensive cohort of over

3.3 million COVID-19 patients over 67 health care institutions.

While there have been studies35–37 that use the N3C data to study

and characterize COVID-19, these studies did not focus on patients

in Indiana. Our work is motivated to alleviate limitations of prior

research in terms of sample size and geographic coverage, in addi-

tion to establishing findings in the state of Indiana using a relatively

larger and more comprehensive cohort. Moreover, following robust

data-driven methodologies, we also analyzed the predictive power

of EHR data in predicting susceptibility and severity for a novel dis-

ease such as COVID-19. Furthermore, our work is one of the very

few studies that involve such a large and comprehensive state-wide

cohort of COVID-19 patients.

Furthermore, several studies38–41 have examined the relationship

between socio-economic factors and COVID-19. For example,

Hatef et al38 assessed the impact of neighborhood socio-economic

factors on COVID-19 prevalence across 7 US states. They used

American Community Survey (ACS) and US Census data to obtain

zip code and demographic data (eg, age, race, and population size)

to determine an Area Deprivation Index (ADI) which ranks neigh-

borhoods by their socio-economic characteristics. They found that

zip codes with a higher ADI (ie, more disadvantaged neighborhoods)

had higher prevalence of COVID-19 compared to zip codes with a

lower ADI for all states except Florida and Virginia. Abedi et al39

reported the association between COVID-19 infection and mortal-

ity, race and economic inequality in 7 US states. They used data

from USAFacts,42 the US Census, COVID-19 data from each state,

state population by race and ethnicity data, and mobility data

extracted from Google. They found that counties with higher levels

of education, income, and population were at greater risk of infec-

tion, while counties with lower income levels were at higher risk of

mortality. However, both of these studies did not include Indiana as

one of their 7 states.

Our study has 3 goals: (1) to perform risk-factor analyses to

relate pre-existing comorbidities with the risk of ICU admission for
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COVID-19 patients; (2) to perform health disparity analyses to

examine the association between the prevalence of COVID-19 with

epidemiological and socio-economic factors; and (3) to perform pre-

dictive analyses to determine the predictive power of patient EHR

data in predicting COVID-19 infection and need for ICU treatment.

MATERIALS AND METHODS

EHR data were obtained from the COVID-19 Research Data Com-

mons (CoRDaCo).43 CoRDaCo was created and is managed by the

Regenstrief Institute to efficiently collect, manage, and analyze data-

sets related to COVID-19 for research. CoRDaCo contains data

from 3 sources: the Indiana Network for Patient Care (INPC) man-

aged by the Indiana Health Information Exchange, and the clinical

data warehouses of Indiana University Health and Eskenazi Health.

We included data between January 1, 2018 and May 5, 2021.

COVID-19 positive cases were confirmed via laboratory testing (eg,

PCR test) or diagnoses represented by ICD codes. The controls had

to meet all the following criteria: (1) they had at least 1 negative

COVID-19 test result and no positive COVID-19 test result(s) and

(2) they had at least 1 INPC encounter between 2018 and 2019. The

latter criterion was required to eliminate patients for whom the only

clinical variable was COVID-19 testing. In this study, we examined

12 comorbidities (Supplementary Table S1). These comorbidities

were selected because: (1) they are prevalent in Indiana44–46 and (2)

they are demonstrated to have strong associations with COVID-19

severity in other states.10, 27, 28 Comorbidities were identified using

corresponding ICD-10 and ICD-9 codes (used in less than 1% of the

records) as presented in Supplementary Table S1. Data analysis was

conducted using Python version 3.8.3 over Indiana University’s Car-

bonate High Performance Computing cluster with CPU Intel Xenon

E5-2680 v3 and 256 GB of RAM.47

Collected data included demographics, diagnoses, laboratory

results, medications, inpatient and outpatient encounter information

including ICU status, and mortality for all patients.43 In total, there

were 776 759 COVID-19 positive patients and 1 362 527 COVID-

19 negative patients between ages 0 and 110 years. Supplementary

Figure S1 presents an overview of how the COVID-19 positive

patient cohort was labeled and divided into groups based on comor-

bidities and ICU admission. A patient was given a label of “ICU” if

the patient had an ICU encounter after March 6, 2020 (ie, the date

of COVID-19 appearance in Indiana). Following such labeling

scheme, in total, there were 15 084 cases and 35 743 controls

labeled “ICU.”43 Patients were considered to have a comorbidity if

the patient had a diagnosis of the comorbidity prior to their date of

COVID-19 diagnosis or March 6, 2020 if they did not have a

recorded COVID-19 diagnosis date. A more severe case of COVID-

19 is considered as the one which resulted in an ICU admission.

Socio-economic data, including per capita income and county popu-

lation, were obtained from the US Census Bureau.48, 49 Epidemio-

logical data such as county-wise COPD prevalence was obtained

from the CDC PLACES data portal.46 Since per capita income data

were not available with more granular place-based indicators (eg,

zip codes), the epidemiological and socio-economic data were col-

lected at the county level. The predictive analysis utilized demo-

graphic and clinical information obtained from a patient’s EHR

data such as age, gender, race, ethnicity, comorbidities, diagnoses,

and clinical laboratory results (eg, White Blood Cell count).

Risk factor analysis
Continuous variables (eg, “age”) were presented using their median,

minimum, maximum and mean values, and their standard devia-

tions. Categorical variables (eg, “gender”, “race”) were presented

using counts and percentages. Note that the various race categories

presented, such as Asian/Pacific Islander, were sourced from CoR-

DaCo without any modification. The Asian and Pacific Islander race

categories were grouped together as 1 category in CoRDaCo

because: (1) some health systems in Indiana supply the data with the

2 race groups combined, preventing disambiguation and, (2) when

separated where feasible, the number of patients was limited. There-

fore, the decision with the CoRDaCo race categories was to leave

them combined. Statistical testing was conducted to determine the

association of these variables with ICU admission. For continuous

variables, two-sample t-test was applied to test their differences

between ICU and non-ICU patients if the data were normally dis-

tributed; otherwise, Mann–Whitney test was applied. For categori-

cal variables, v2 test was applied to test their association with ICU

admissions, and Fisher’s exact test was applied if data were limited.

Confidence level was set to 95% for all statistical tests.

The P-values indicate whether there was a statistically significant

difference between the ICU and non-ICU patients in terms of the

variables (such as Age, Death Flag, Gender, etc.). Specifically, a P-

value for Age variable indicates whether the difference between the

mean age of ICU and non-ICU patients is statistically significant (ie,

whether age has an effect on the ICU admission). This P-value is

computed from the age of ICU and non-ICU patients. A P-value for

Death Flag indicates whether ICU admission and death outcomes

are associated. This P-value is computed from 4 counts: ICU

patients alive, ICU patients deceased, non-ICU patients alive, and

non-ICU patients deceased. A P-value for Gender indicates whether

there is an association between ICU admission and gender catego-

ries. This P-value is computed from 6 counts: female ICU patients,

male ICU patients, ICU patients with “Unknown” gender, female

non-ICU patients, male non-ICU patients, and non-ICU patients

with “Unknown” gender, A P-value for each race category indicates

whether a given race is significantly associated with ICU admission.

The P-value for a given race category is computed from 4 counts:

ICU patients belonging to that race, ICU patients not belonging to

that race, non-ICU patients belonging to that race, and non-ICU

patients not belonging to that race.

Health disparity analysis
The CDC PLACES46 dataset was used to obtain the county-wise

COPD prevalences. The US Census48 data were used to obtain the

total county populations. The US Census Bureau49 was used to

obtain the ACS data on county per capita income. Patients were

assigned to a county using their zip code. For zip codes that exist

within multiple counties, the county which covered the most area of

the zip code was used. The COVID-19 prevalence in CoRDaCo was

computed as the percentage of the total county population that had

COVID-19 in CoRDaCo. Correlations were computed pairwise

between the total county population, county per capita income,

county COPD prevalence, county COVID-19 prevalence in CoR-

DaCo, and county population in CoRDaCo. Heatmaps were gener-

ated in R to visualize the data for each county.

Predictive analysis
The objective of this predictive analysis was to evaluate whether

CoRDaCo EHR data including demographic information,
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comorbidities, and other clinical variables can predict COVID-19

susceptibility and severity. Constructing predictive models may

reveal whether EHR data are informative enough to predict a

patient’s susceptibility to a novel disease such as COVID-19, and

whether a COVID-19 infected patient needs ICU admission. Fur-

thermore, some models can reveal important features which are

most related to COVID-19 susceptibility and severity. In turn, these

features can inform clinical decision-making for effective patient

care. CoRDaCo consisted of 776 759 cases (ie, patients with

COVID-19) and 1 362 527 controls (ie, patients without COVID-

19). Cases were further grouped into ICU cases (ie, COVID-19 cases

and admitted to ICU) and non-ICU cases (ie, COVID-19 cases but

not admitted to ICU) based on the ICU labeling scheme described

earlier in the Materials and Methods section. Following the objec-

tive, 2 classification tasks were designed: (1) to classify between

cases and controls and (2) to classify between ICU cases and non-

ICU cases. These tasks have prominent clinical significance—they

can be used to determine whether a patient is susceptible to COVID-

19, and whether a COVID-19 patient will need ICU admission in

the future, respectively, based on the patient’s EHR data.

A feature vector for each patient was constructed from EHR data

before March 6, 2020 (ie, the first occurrence of COVID-19 in Indi-

ana), including demographics, diagnoses, lab tests, and encounters

information. Demographic information was represented as either

numerical features (eg, age) or categorical features (eg, gender, race,

ethnicity). Comorbidities were represented using binary features indi-

cating the presence (1) or absence (0) of each of the 12 comorbidities

presented in Supplementary Table S1. For diagnoses, the top-k

(k¼10 or 50) most frequent ICD codes occurring among patients in

each of the 3 groups (ie, ICU cases, non-ICU cases and controls) were

selected, excluding ICD codes for the 12 comorbidities and COVID-

19 diagnosis (ICD-10: U07.1). This resulted in 2 sets of features: (1)

features consisting of 11 unique ICD codes (with k¼10), denoted as

D11, and (2) features consisting of 58 unique ICD codes (with

k¼50), denoted as D58. Frequencies of the ICD codes were used as

the feature values. In addition, a total of 149 clinical lab tests were

represented using either numerical or categorical features, depending

on the result types. Categorical lab results such as “Unknown”,

“Inconclusive”, and “test not known” were grouped into the

“Unknown” category. For encounters, frequencies of unique outpa-

tient, inpatient, emergency, and unknown encounters were used as

features. Numerical features were standardized using z-score normal-

ization, and categorical features were one-hot encoded.

For each task, a grid search was conducted over various hyper-

parameters (presented in Supplementary Tables S2–S4). Among all

the patients, 1000 patients were randomly sampled from each of the

3 groups (ICU cases, non-ICU cases, and controls) independently.

For each task, 5-fold cross validation was conducted. Logistic

Regression (LR) and Gradient Boosting Tree (GDBT) were used to

train the classifiers for each task. Precision, recall, accuracy, area

under the receiver-operating curve (AUROC), and F1-score were

used as the evaluation metrics. The model that produced the best

F1-score was selected as the best model.

RESULTS

In this section, risk factor analyses with respect to COPD (Table 1),

CVD (Supplementary Table S6) and type 2 diabetes (T2D) (Supple-

mentary Table S8), health disparity analyses, and predictive analyses

are presented. Additional results are presented in the Supplementary

Materials. CoRDaCo data characteristics can be found in Allen et al.43

Risk factor analysis
Table 1 presents the characteristics of COVID-19 patients who had

COPD. Among these 27 125 patients (3.49% of all COVID-19

patients), significantly more female were in both ICU and non-ICU

populations; and Black/African American patients constituted a

slightly higher proportion in the ICU compared to non-ICU. In addi-

tion, patterns were observed in patients with COPD and COVID-19

similar to those observed among all COVID-19 patients: age was

significantly associated with ICU admission; death rates were signifi-

cantly higher among ICU patients compared to non-ICU patients;

gender was a risk factor for COVID-19 severity. When compared to

all COVID-19 patients, there were some differences observed among

the COVID-19 patients with COPD. First, ICU admission rate for

COVID-19 patients with COPD was significantly higher (10.23%

vs 1.94%43) indicating that COPD was a strong risk factor; second,

the death rate among COVID-19 patients with COPD was signifi-

cantly higher (8.22% vs 2.24%43).

Supplementary Table S6 presents the characteristics of COVID-

19 patients with CVD (2.59% among all COVID-19 patients) and

Supplementary Table S8 presents the characteristics of COVID-19

patients with T2D (4.76% among all COVID-19 patients). For both

groups, we observed similar patterns as those observed among all

COVID-19 patients43 and also among COVID-19 patients with

COPD. Age was significantly associated with ICU admission; death

rates were significantly higher among ICU patients compared to

non-ICU patients. However, when compared to all COVID-19

patients, those with COVID-19 and CVD exhibited significantly

higher ICU admission rates (14.33% vs 1.94%43) and had much

higher death rates (13.48% vs 2.24%43). Similarly, for COVID-19

patients with T2D when compared to all COVID-19 patients: ICU

admission rates were significantly higher (11.11% vs 1.94%43) and

death rates were significantly higher (9.16% vs 2.24%43).

When comparing COVID-19 patients with COPD, CVD, or

T2D, it is noticeable that females constituted a higher proportion of

ICU populations than males in all 3 comorbidities. In addition,

Black/African American patients constituted a higher proportion in

the ICU compared to non-ICU in all 3 comorbidities. However,

there was a noticeable difference: gender was significantly associated

with ICU admission in COVID-19 patients with COPD or T2D; but

this was not the case in COVID-19 patients with CVD. Other inter-

esting patterns were found among COVID-19 patients with COPD,

CVD, or T2D when compared to the corresponding control patients

with the same comorbidity. Such patterns are presented in the Sup-

plementary Materials. Supplementary Tables S5, S7, and S9 present

the characteristics of controls with COPD, CVD, and T2D,

respectively.

COVID-19 patients with other comorbidities (as listed in Supple-

mentary Table S1), when compared to all COVID-19 patients, had

similar patterns as those observed when COVID-19 patients with

COPD, CVD, or T2D were compared to all COVID-19 patients: the

ICU admission rate was relatively higher, and the death rates were

much higher. In fact, the highest ICU admission rate was 31.75%

for COVID-19 patients with dependence on renal dialysis versus

1.94% ICU admission rate for all COVID-19 patients (P-value <

.05). Furthermore, COVID-19 patients with dependence on renal

dialysis, cardiac arrest, and ARF had the 3 highest death rates of

24.32%, 20.56%, and 20.56%, respectively. Overall, these patterns

suggest that these comorbidites are potential risk factors for

COVID-19 severity and mortality.

Some patterns observed for COVID-19 patients with COPD and

T2D were also observed for COVID-19 patients with comorbidities
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such as HTN and other cardiac arrhythmias: both age and gender

were significantly associated with ICU admission (P-value < .05).

However, for patients with ARF, dependence on renal dialysis, and

cardiac arrest, neither age nor gender was found to be significantly

different across ICU and non-ICU patients. For patients with acute

myocardial infarction, VTE, and PE, age was found to be signifi-

cantly higher across ICU and non-ICU patients, but gender was not.

Furthermore, there were some noticeable patterns with respect to

race. For COVID-19 patients with any of our considered comorbid-

ities, Black/African American patients constituted a larger propor-

tion of ICU-admitted patient population compared to that of the

non-ICU admitted patient population; the population proportion of

White patients in the ICU was lower than that in the non-ICU except

for patients with COPD.

Overall, COVID-19 patients with any of our considered comor-

bidities had higher death rates than controls (ie, patients without

COVID-19) with that comorbidity; ICU death rate was also higher

for COVID-19 patients with comorbidities than for controls with

that comorbidity. Furthermore, for patients with comorbidities

related to heart and kidney diseases such as CVD, ARF, cerebral

infarction, acute myocardial infarction, and cardiac arrest, the mean

age of COVID-19 patients was higher than that among controls.

Generally, for controls with a comorbidity, ICU patients tended to

be older than non-ICU patients. However, this was not the case for

some comorbidities: dependence on renal dialysis, and cardiac

arrest. A similar pattern was observed for COVID-19 patients with

either of these 2 comorbidities, where age was not found to be sig-

nificantly associated with ICU admission.

Health disparity analysis
We observed that the prevalence of HTN, T2D, and COPD in CoR-

DaCo (ie, 9.52%, 4.76%, and 3.49%) is lower than nationwide (ie,

45.40%,50 10.50%,25 and 6.40%51) and in Indiana (ie, 34.80%,52

12.50%,45 and 8.30%52). Figure 1a–e present the heatmaps of Indi-

ana that display the county-wise crude COPD prevalence,46

COVID-19 prevalence48 (ie, count of COVID-19 patients in a

county in CoRDaCo over the total county population), per capita

income,49 the COVID-19 patient population in CoRDaCo, and the

count of COVID-19 patients with ICU admission, respectively. The

crude COPD prevalence as in Figure 1a shows that some counties

(eg, Crawford) have COPD prevalence as high as 13% and others

(eg, Hamilton) as low as 6%. Unfortunately, counties with higher

COPD prevalence are not always proportionally represented in

CoRDaCo (eg, Crawford in Figure 1a and b). As a matter of fact,

counties with higher COPD prevalence tend to be underrepresented

in CoRDaCo (eg, LaGrange in Figure 1a and b), leading to lower

COPD prevalence in CoRDaCo.

As Figure 1b shows, in CoRDaCo, the COVID-19 patient popula-

tion in each county does not reflect the Indiana population in that

county proportionally. For some of the counties (eg, Clinton, Shelby),

about 15% of the population was recorded as infected with COVID-19

in CoRDaCo, but in other counties (eg, Franklin, Clay), the percentage

is 7% and as low as 4%. Comparing Figure 1a–c, we observed that

counties with higher per capita income tend to be better represented in

CoRDaCo (eg, Boone, $44 712.00, 10.22%), and tend to have low

COPD prevalence (eg, 6.60%). In addition, the heatmaps of the

COVID-19 patient population (Figure 1d) and the ICU admitted

COVID-19 patient population (Figure 1e) display similar intensities

across counties, indicating a high correlation between the 2 populations.

In order to better understand the associations among these epide-

miological and socio-economic factors, we further studied the pair-

wise correlations among them. Figure 2 presents the pairwise

Pearson correlations among the entire county population of each

county (County Pop), count of COVID-19 positive patients in CoR-

DaCo (Patient Count), count of COVID-19 positive patients in

CoRDaCo labeled ICU (ICU Count), per capita income (Income),

COVID-19 prevalence (COVID%), and COPD prevalence

Table 1. Characteristics of COVID-19 patients with COPD comorbidity

N (%)

Total (N¼ 27 125) ICU (N¼ 2775) Non-ICU (N¼ 24 350) P-valuea

Age; median (min–max), 58.66 (0.93–106.8) 69.55 (4.49–106.8) 56.95 (0.93–102.61) <.05

(Mean; SD) (54.83; 21.61) (67.54; 14.77) (53.38; 21.79)

Death Flag <.05

Alive 24 895 (91.78) 1885 (67.93) 23 010 (94.50)

Deceased 2230 (8.22) 890 (32.07) 1340 (5.50)

Gender <.05

Female 16 868 (62.19) 1546 (55.71) 15 322 (62.92)

Male 10 255 (37.81) 1229 (44.29) 9026 (37.07)

Unknown 2 (0.01) 0 (0.00) 2 (0.01)

Race

American Indian/Alaska

Native

20 (0.07) 1 (0.04) 19 (0.08) .72

Asian/Pacific Islander 205 (0.76) 15 (0.54) 190 (0.78) .17

Black/African American 4082 (15.05) 447 (16.11) 3635 (14.93) .10

Multiracial 125 (0.46) 13 (0.47) 112 (0.46) .95

Other/unknown 593 (2.19) 15 (0.54) 578 (2.37) <.05

White 22 100 (81.47) 2284 (82.31) 19 816 (81.38) .23

Note: The P-value for Age variable indicates whether the difference between the mean age of ICU and non-ICU patients is statistically significant (ie, whether

age has an effect on the ICU admission). The P-value for Death Flag indicates whether there exists an association between ICU admission and death outcomes.

The P-value for Gender indicates whether there is an association between ICU admission and gender categories. The P-value for each race category indicates

whether a given race is significantly associated with ICU admission.

COPD: chronic obstructive pulmonary disease; ICU: intensive care unit.
aP-value < .05 was used to determine statistical significance.
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(COPD%). The plot demonstrates some strong patterns: the correla-

tion among the county population, patients count, and ICU count

are all high and positive; the correlation between income and county

population is moderate; the correlation between county population

and COVID% is negligible; finally, the correlation between per cap-

ita income and COPD prevalence is high and negative. We further

expand on these patterns in the discussion.

Predictive analysis
In order to evaluate whether CoRDaCo EHR data can effectively be

leveraged to predict COVID-19 susceptibility, predictive models are

constructed to classify cases versus controls. Table 2 presents the

overall performance achieved by all the best models for classifying

cases versus controls. Note that the best model is the one that

achieves the best F1-score averaged over 5-folds. Clearly, the set of

hyperparameters that yields the best F1-score averaged over 5-folds

is the best configuration. We reported the best GDBT configuration

for each task in Supplementary Tables S3 and S4. The reported per-

formance metrics in Tables 2 and 3 are obtained from the best con-

figuration for each model. Note that the performance of each model

in metrics other than F1-score does not necessarily correspond to the

optimal performance in those metrics. The best LR model achieved

an F1-score of 0.8000 using D11. Moreover, the LR models achieved

comparable performance across other metrics using D11 and D58.

The best GDBT model achieved an F1-score of 0.8011 using D58,

slightly better than that from LR. The GDBT models using D11 and

D58 had similar performance in terms of precision, F1-score, and

accuracy, marginally better than or comparable to those from best

LR model. Clearly, the additional diagnosis information available in

D58 provides minimal boost to the overall performance. This might

indicate that the diagnoses features are not quite informative for dis-

tinguishing cases and controls. This aligns with our analysis of the

feature importance as discussed below. Supplementary Table S10

Figure 1. County-wise heatmap of Indiana displaying various epidemiological and socio-economic factors.

Figure 2. Correlation plot between various epidemiological and socio-economic factors.
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presents the top-10 most important features for the best GDBT

model with D58. We observed that the encounter feature

“Outpatient count”, the most important feature, has a very high

importance compared to other features. Furthermore, we observed

that the encounter feature “Emergency count” and demographic

feature “Age” are also among the top most important features.

From the additional diagnoses in D58, “Chronic kidney disease

unspecified,” “Fatigue,” “Tobacco use,” and “Anemia” are the only

ones that appears among the top 10 most important features; how-

ever, their importance is low relative to the encounter and demo-

graphic features.

In order to evaluate whether CoRDaCo EHR data can effectively

predict COVID-19 severity, predictive models are constructed to

classify ICU vs. non-ICU cases. Table 3 presents the overall perform-

ance achieved by all the best models for classifying ICU versus non-

ICU cases. The best LR model achieved an F1-score of 0.6807 using

D11. with better recall and AUROC; however, with worse precision

and accuracy than the LR model with D58. The best GDBT model

achieved an F1-score of 0.7072 using D11, with relatively better pre-

cision, accuracy and AUROC than the GDBT model with D58.

Overall, the best GDBT model outperformed the best LR model by

3.9% in terms of F1-score (0.7072 vs 0.6807). Supplementary Table

S11 presents the top 10 most important features for the best GDBT

model with D11. We observed that the demographic feature “Age,”

encounter features “Outpatient count” and “Inpatient count,” and

the comorbidity feature “CVD” are among the top most important

features. Similar to the cases versus controls task, we observed that

age and encounter counts were more important features than

diagnoses.

DISCUSSION

The patterns observed among COVID-19 patients in our data have

also been observed in other similar studies. For example, Hoang and

Anh10 found that COPD, CVD, cerebrovascular accident, hyperten-

sion, diabetes, and malignancy are strongly associated with

increased COVID-19 severity as well as ICU admission. In our data,

we also observed that COVID-19 patients with COPD, CVD, HTN,

and T2D had higher mortality rates compared to all COVID-19

patients. Our conclusion that the presence of CVD in COVID-19

patients is strongly associated with increased risk of mortality, is

also supported by Fried et al.27 Furthermore, we observed that older

age was significantly associated with ICU admission in patients with

COVID-19 and T2D, which Lei et al32 observed as well in their

study of 288 adult patients with COVID-19 from China. These

observations bolster the support for the conclusions drawn from our

results. Below, we discuss and interpret our results from each analy-

sis to reveal some interesting patterns. Finally, we discuss the

strengths and limitations of our work.

Risk factor analysis
We observed some patterns in the ICU patient proportions which

are indicative of health disparities. First, the Black/African American

ICU population proportion is larger than the non-ICU population

proportion among COVID-19 patients for all comorbidities. While

the same pattern appears for all comorbidities except COPD among

the controls, the difference between the proportions is not signifi-

cant except for a few comorbidities (such as COPD, CVD, VTE,

ARF, and acute myocardial infarction). Second, the White ICU pop-

ulation proportion is always lower among COVID-19 patients with

comorbidities except COPD. However, among controls with comor-

bidities, the White ICU population proportion is lower in all comor-

bidities except HTN, T2D, and COPD. These patterns indicate that

it is more likely to observe Black/African American patients with

comorbidities to be admitted into ICU with COVID-19 than with-

out COVID-19. Conversely, it is less likely to observe White patients

with comorbidities to be admitted into ICU with COVID-19 than

without. Thus, we infer that Black/African American patients with

comorbidities may be more adversely affected by COVID-19 and

are at a greater risk of ICU admission, thereby indicating a health

disparity. Dixon et al53 also found evidence of health disparity in

the Black/African American community, notably that the COVID-

19 burden on the Black/African American community was larger

when compared to the COVID-19 burden on the White community.

Health disparity analysis
The patterns observed in Figures 1 and 2 also imply other broader

health disparities in terms of demographic and economic factors (eg,

income). As reported in the previous section, Figure 1b illustrates

the disproportionate representation of county-wise COVID-19

patient population in CoRDaCo. While we confirmed that CoR-

DaCo well represents the overall Indiana population, the significant

difference in the COVID-19 population representation may be due

to 2 reasons: (1) some counties were hit by COVID-19 much worse

than others; or (2) health data were not proportionally collected

from all the counties. The latter is likely due to the following:

healthcare may not have been equally accessible in all counties,

healthcare may have been accessible but not affordable for residents

of certain counties, and healthcare networks may not have been

IHIE members, meaning that the patient data were not retrieved.

Regardless, both of these 2 possible reasons indicate potential health

disparities among all the counties. To better reveal such disparities,

we examine more closely the patterns observed in Figure 2.

First, CoRDaCo well represents the entire population in all the

counties in Indiana (correlation between COVID-19 positive

patients and population is 0.992, P-value¼7.13e-82). In addition,

the correlation between the count of COVID-19 patients in a county

and the count of ICU-admitted COVID-19 patients from a county is

very high (0.845), indicating that patterns found among the larger

county population also translate to similar patterns among the ICU

population. Note that this is consistent to the observations from

Figures 1d and e. In addition, per capita income is moderately

Table 2. Overall performance for classifying cases versus controls

Model Features Precision Recall F1-score Accuracy AUROC

LR D11 0.6667 1.0000 0.8000 0.6667 0.6541

D58 0.6666 0.9995 0.7997 0.6663 0.6576

GDBT D11 0.6703 0.9955 0.8010 0.6703 0.6698

D58 0.6687 0.9990 0.8011 0.6693 0.6717

Table 3. Overall performance for classifying ICU versus non-ICU

cases

Model Features Precision Recall F1-Score Accuracy AUROC

LR D11 0.5489 0.8995 0.6807 0.5790 0.6803

D58 0.5702 0.8450 0.6790 0.6030 0.6706

GDBT D11 0.5944 0.8754 0.7072 0.6385 0.7159

D58 0.5690 0.9298 0.7057 0.6135 0.7129
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positively associated with the population (0.245), indicating that

more populated counties tend to be wealthier. In spite of the fact

that more populated counties tend to be wealthier and thus having

better access to medical facilities, such counties may not be more

resistant to COVID-19 compared to other counties. This is evident

from the finding that COVID-19 prevalence is not associated with

the county population (the correlation between COVID-19 preva-

lence and county population is 0.048, close to 0). Thus, populated

counties may have high or low prevalence of COVID-19. COPD

prevalence is highly negatively associated with per capita income (–

0.791, P-value¼6.6e-21), indicating strong health disparities. The

wealthier counties may be able to afford better and more accessible

healthcare, increasing their resilience to certain comorbidities, par-

ticularly chronic diseases. COPD prevalence is negatively associated

with COVID-19 prevalence (–0.210) and total COVID-19 patients

(–0.474) geographically, explaining why COPD prevalence in CoR-

DaCo is lower than that in the entire Indiana population. Note that

this is not conflicting with that COPD is a risk factor of COVID-19

overall among all the population together (Table 1). This is also evi-

denced by the negative relationship between ICU county population

and COPD prevalence (–0.303) and the lack of association between

ICU county population and COVID prevalence (0.019).

Predictive analysis
Additionally, we evaluated the predictive power of the collected

CoRDaCo EHR data to classify cases versus controls, and ICU ver-

sus non-ICU cases. We should point out that all of our models are

tuned in terms of F1 performance. Hence, the reported performance

in other metrics is from the model that achieved the best F1. In doing

so, with best F1, high sensitivity is achieved. This is actually desired

since we believe that missing a COVID-19 case or an ICU case (false

negative) could have significant clinical implications. Overall,

GDBT demonstrated empirically better or competitive performance

as LR for both tasks. Furthermore, GDBT has the additional advant-

age of interpretability in that the relative feature importance is read-

ily available. On the other hand, the coefficients associated with

each feature in LR cannot readily determine the relative importance

of features.

Our predictive analyses indicate that in addition to demographic

information, encounter and comorbidity information available in

the EHR data are crucial in both classification tasks. Specifically,

for classifying cases versus controls, we observed that the outpatient

and emergency encounter counts are among the top most important

features. This maybe because less healthy patients are more likely to

seek frequent medical care and emergency treatment. Such patients

may also be more susceptible to diseases such as COVID-19 than

relatively healthier ones. For classifying ICU versus non-ICU cases,

we also observed that outpatient, inpatient, and emergency encoun-

ter counts are among the top most important features. Additionally,

for this task, we observed that the age has relatively higher impor-

tance than other demographic information. This aligns with our

findings from the risk factor analysis indicating that elder people are

more likely to be admitted to ICU. Moreover, we found that the

presence of CVD in a patient is an important feature to distinguish

ICU versus non-ICU cases. This also complements our findings from

the risk-factor analysis that the CVD comorbidity is a strong risk

factor for COVID-19 patients. Overall, the diagnoses and clinical

labs features did not seem to be very informative in either classifica-

tion task. This could be due to the limited available information on

diagnoses and clinical labs in CoRDaCo. We will discuss this limita-

tion in detail later in this section.

Strengths and limitations
Our study has a few strengths. First, the size of our populations for

both COVID-19 positive and COVID-19 negative is much larger

than most studies.10, 16, 27–34 This empowers us with the unique

ability to examine patterns for a large population group within 1

specific demographic region. Additionally, unlike the aforemen-

tioned studies that consider clinical diagnoses over a relatively short

time interval, our study includes all diagnoses and encounters of

COVID-19 positive patients since 2018. Hence, our study can better

capture comorbidities and other potential risk factors that might

later lead to serious COVID-19 cases. Our study also includes out-

patient and emergency encounters, whereas most studies17, 22, 54, 55

only consider inpatient encounters. Thus, our study involves diverse

clinical settings, and conclusions from our analysis can be better

generalized.

However, our study also has some limitations. A drawback of

assigning an ICU label to patients if they had an ICU encounter after

March 6, 2020 is that the reason for ICU admission may be unrelated

to COVID-19. Unfortunately, from the EHR data, the true reason

was unavailable. We acknowledge that there are other possible ways

of assigning ICU labels apart from the one used in this work. An

alternative way of ICU labeling patients with COVID-19 would use

the date of the COVID-19 test and ICU admission, and determine if

an ICU admission “closely” follows a positive test. However, deter-

mining how “close” an ICU admission must be to a positive test may

pose an additional challenge, and it may still be the case that the ICU

admission is unrelated to COVID-19. While our data collection

included inpatient observations such as vitals, these data were limited

to less than 1% of the total COVID-19 positive population in our

dataset. Medication data availability is a limitation of the INPC. In

addition, for many clinical labs, the number of patients with data

available was low. Thus, we did not study medications and clinical

labs, which have been demonstrated highly useful for understanding

COVID-19 patients.13, 56, 57 Furthermore, of the 776 936 COVID-19

positive patients, diagnoses records were only present for 429 337

(55.26%) patients which may have resulted in some uncaptured pat-

terns. As a result, some bias may be introduced in the sample with

only 55.26% having clinical features available. Those who are

healthier may not have much available diagnoses data, leading to

findings that are more reflective of the less healthy demographic of

Indiana. Furthermore, those who may have limited access to health-

care may not have clinical data available in CoRDaCo, meaning that

the patterns we observed may not be inclusive of those who live in

areas with limited access, such as rural or minority communities.

Finally, the data gathered in CoRDaCo were gathered for clinical

practice, not for research.43 Therefore, the data do not have the high-

est levels of consistency, which could have resulted in uncaptured pat-

terns as well. In future work, we intend to increase the breadth of

data available to each patient. Increasing the data available per

patient will allow our analysis to include more patients, which may

strengthen current findings or reveal new patterns. Furthermore, we

will also expand the parameters of what defines comorbidities. In this

work, to define a comorbidity, we solely relied on ICD codes from

diagnoses data. By incorporating other clinical factors such as vitals,

medications, and laboratory test data in defining comorbidities, we

may be able to better explore clinical characteristics of patients with

that comorbidity. In the future, vaccine information will be available
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for many patients which would allow for further exploration of

health disparities by examining who and how early someone may

have had access to a vaccine.

CONCLUSION

This study provides insight and adds to the current volume of litera-

ture that characterizes the relationship between patients with

COVID-19 and comorbidities and disease severity. In this study, we

examined the relationship between demographic and comorbidity

presence as risk factors of COVID-19 severity. Overall, comorbidity

presence was linked to an increased risk of ICU admission as well as

mortality. For many comorbidities, age, gender, or both were

strongly associated with ICU admission. During our analysis, we

noticed patterns that were indicative of health disparities. We con-

cluded that the Black/African American community in Indiana was

more adversely affected by COVID-19 compared to the White com-

munity. Furthermore, our analysis revealed health disparities that

indicate differences in accessibility to healthcare and representation

in large datasets such as CoRDaCo.
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