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a b s t r a c t
The Coronavirus Disease 19 (COVID-19) has quickly spread across the United States (U.S.) since community
transmission was ﬁrst identiﬁed in January 2020. While a number of studies have examined individual-level
risk factors for COVID-19, few studies have examined geographic hotspots and community drivers associated
with spatial patterns in local transmission. The objective of the study is to understand the spatial determinants
of the pandemic in counties across the U.S. by comparing socioeconomic variables to case and death data from
January 22nd to June 30th 2020. A cluster analysis was performed to examine areas of high-risk, followed by a
three-stage regression to examine contextual factors associated with elevated risk patterns for morbidity and
mortality. The factors associated with community-level vulnerability included age, disability, language, race, occupation, and urban status. We recommend that cluster detection and spatial analysis be included in populationbased surveillance strategies to better inform early case detection and prioritize healthcare resources.
Published by Elsevier B.V.
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Coronavirus Disease 19 (COVID-19), caused by Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2), was ﬁrst identiﬁed in
December 2019 in the Wuhan prefecture, a rail and aviation hub in
the Hubei Province of China. The outbreak was linked to a wet market
in Wuhan (Mackenzie and Smith, 2020). The virus is believed to
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separate reporting for individual counties (boroughs) in New York
City, which is in contrast to the aggregated dataset provided by Johns
Hopkins University (Dong et al., 2020). To minimize count differences
based on county size, case and death rates per 100,000 were calculated
based on population data from the 2014–8 American Community Survey (ACS) (USCB, 2020a) (Fig. 1).

originate from bats (Zhou et al., 2020), similar to the 2002 Severe Acute
Respiratory Syndrome (SARS) and 2012 Middle East Respiratory Syndrome (MERS) outbreaks (Wu and McGoogan, 2020). The commonlyreported symptoms of the virus include a persistent cough, fever, fatigue, and loss of smell or taste (Grant et al., 2020; Menni et al., 2020).
Humans spread the virus to one another through contact and droplet, airborne, and fomite transmissions (WHO, 2020a). Groups considered high-risk include older adults and those with underlying medical
conditions, such as obesity, diabetes, and heart disease (CDC, 2020a).
Following the report of the ﬁrst case in Wuhan, the virus spread outward to surrounding provinces in China. The ﬁrst international case of
COVID-19 was reported in Thailand on January 13th 2020, imported
by an individual who recently visited Wuhan (WHO, 2020b). Since January, the virus has rapidly spread to other countries with signiﬁcant
outbreaks occurring in countries across the globe, including Italy, Iran,
Brazil, and the United States (U.S.).
The earliest COVID-19 case in the U.S. was reported in Snohomish
County, Washington on January 19th. The individual had recently
returned from Wuhan (Holshue et al., 2020). On January 24th, a second
case was reported in Cook County, Illinois, also by an individual who had
recently returned from Wuhan. The individual's spouse later became
the ﬁrst known transmission in the U.S. (Ghinai et al., 2020). The earliest
known COVID-19 death occurred in Santa Clara County, California on
February 6th (CSCC, 2020).
The virus continued to spread with outbreaks in urban areas and locations where people live, work, and recreate closely, such as nursing
homes, meatpacking plants, and ships (Kamp and Wilde Matthews,
2020; CDC, 2020b; Smith, 2020; Werner, 2020). Despite stay-at-home
orders, the U.S. has maintained the highest case and death counts
worldwide (WHO, 2020c). As of June 30th, there were cumulatively
2,618,817 cases and 126,623 deaths associated with COVID-19 in the
U.S. (USA Facts, 2020a).
COVID-19 studies utilizing spatial analysis are valuable tools for
community response. To date, over 63 studies worldwide have examined COVID-19 using geographic information systems (GIS), with studies focusing on spatiotemporal analysis, data mining, environmental
variables, and health and social geography. Predictive modeling or studies that evaluate place-based risk factors have frequently focused on climatic variables (Franch-Pardo et al., 2020). In the U.S., researchers have
begun to examine the spatial patterns and underlying risk factors of
COVID-19. Mollalo et al. (2020) found that place-based factors like median household income, income inequality, percentage of nurse practitioners, and percentage of Black female population explain signiﬁcant
variation in COVID-19 incidence. Others have shown strong evidence
of the spatial effects of COVID-19 with county-level socioeconomic factors in neighboring counties inﬂuencing incidence in the U.S. (Baum and
Henry, 2020).
This study extends previous work by using geospatial methods to
examine cumulative cases and deaths and the underlying place-based
factors that increase a population's risk to COVID-19. The objective of
the study is to understand the spatial determinants of the pandemic in
U.S. counties by comparing socioeconomic variables to COVID-19 case
and death data. Unlike previous studies (e.g., Mollalo et al., 2020), we
utilize a longer time series and incorporate advanced hierarchical
modeling approaches to understand how place affects transmission.
As the pandemic continues, our study provides a methodological framework for future geographic research for understanding how place-based
factors drive COVID-19 across the U.S.

2.2. Variable selection
A list of 34 possible risk factors was compiled based on previous
studies and the authors' knowledge of factors that contribute to vulnerability (Table 1). Following Snyder and Parks (2020); Mollalo et al.
(2020); and Chin et al. (2020), variables regarding race, age, gender, income, poverty, employment, and health were obtained from the 2014–8
ACS (USCB, 2020a). To evaluate potential rural-urban differences, Rural
Urban Commuting Area (RUCA) codes were obtained from the U.S.
Department of Agriculture (2019). RUCA codes are measures of population density, urbanization, and daily commuting that range from 1
(urban) to 10 (rural).
COVID-19 data was not available for the counties in American
Samoa, Guam, Puerto Rico, the North Mariana Islands, and the Virgin
Islands. These counties were removed from the analysis, resulting in a
total of 3142 counties included in this study. To examine potential contextual variables for counties with versus without cases and deaths, descriptive statistics were calculated (Supplementary Table 1).
2.3. Analysis
To begin, separate cluster analyses were conducted in SaTScan, a
mapping software that uses Kulldorff's spatial scan statistic, to identify
signiﬁcant clusters of cumulative COVID-19 cases and deaths across
the contiguous U.S. at the county level (Kulldorff, 2018). SaTScan employs moving circular or elliptical windows across an area to locate signiﬁcant spatial clusters of elevated risk during a speciﬁed period.
Geographic hotspots of elevated risk were identiﬁed using a discrete
Poisson model. COVID-19 cases were assumed to be Poisson distributed,
as has been done in previous spatial COVID-19 surveillance studies
(Desjardins et al., 2020; Hohl et al., 2020a). The Poisson model produces
more conservative p-values than the alternative Bernoulli model (Root
et al., 2009). SaTScan's user-speciﬁed window size determines the
amount of the population for each county considered at-risk. Following
a sensitivity analysis from 10% to 50%, a circular window scanning for a
maximum of 20% of the total at-risk population was selected to avoid
large cluster sizes and identify localized clustering of COVID-19.
Adopting the approach used by Desjardins et al. (2020), a map of relative risk (RR) for COVID-19 cases in each county was created to show
the variability of risk within clusters (Desjardins et al., 2020; Hohl
et al., 2020b).
To determine signiﬁcant predictors, a three-stage regression approach was applied separately for COVID-19 cases and deaths. First, variables were selected based on stepwise regression. The dependent
variables were transformed using log(Y + 1) to ensure normality. Variables selected from this stage were RUCA, Black, English, Production,
Disabled, ICU Beds, Vehicle, Asian, Older, Healthcare, Diabetes, Unemployed, Resources, Smokers, and Obesity for cases and RUCA, Black,
Male, NH Beds, Distance, Income, ICU Beds, Older, Vehicle, Hawaiian,
Population, Occupants, and Disabled for deaths. Tolerance and variance
inﬂation factors were below 2.6 and below the recommended cutoff of 5
or 10, signifying that variance was not inﬂated due to collinearity
among the independent variables (Craney and Surles, 2002).
Variable selection was based on subset regression, a preferable
method to other explanatory regression methods for variable selection.
This method is computational complex, so a smaller subset of variables
from the stepwise regression was used (Field et al., 2012). Final subset
regression results were limited to 5 variables to reduce
heteroscedasticity among the residuals and to focus the analysis on

2. Methods
2.1. COVID-19 outcomes
Cumulative county-level case and death counts between January
22nd and June 30th, 2020 were obtained from USA Facts (2020b,
2020c). As noted by Chen and Krieger (2020), USA Facts maintains
2
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Fig. 1. Cumulative COVID-19 cases and deaths in the U.S. on June 30th 2020.
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from autocorrelation of the dependent variable (i.e., spatial lag) or autocorrelation in the error term (i.e, missing spatial autocorrelation predictors). The Lagrange Multiplier test and Robust Lagrange Multiplier
(RLM) index were used to demonstrate the more appropriate spatial
model. The RLM index indicated a better model ﬁt with the spatial lag
model compared to the spatial error, indicating that the spatial autocorrelation in the OLS's model residuals is likely the result of spatial autocorrelation for COVID-19 cases and deaths (e.g., the dependent
variable) (Anselin, 2001). Due to lack of neighbors, seven counties
were removed from the spatial lag model.
Lastly, Generalized Linear Mixed-Effect models were applied to determine the factors responsible for cumulative COVID-19 cases and
deaths, separately. These models included a random effect term for
each state to account for potential differences in behaviors and policies
at the state level.

Table 1
The names, descriptions, and sources of the socioeconomic variables.
Name

Description

Disabled
English

% civilian noninstitutionalized population, disabled
% population ≥ 5 years, speak English “less than
well”
Unemployed % civilian population ≥ 16 years, unemployed
Income
Median household income for total households
Insurance
% civilian noninstitutionalized population, no health
insurance coverage
Poverty
% families, income in past 12 months below poverty
level
Vehicle
% occupied housing units, no vehicles available
Plumbing
% occupied housing units, lacking complete
plumbing facilities
Occupants
% occupied housing units, >1.01 occupants per room
Population
Total population
Density
Population per mi2
Male
% total population, male
Female
% total population, female
Older
% total population, ≥65 years
Hispanic
% total population, Hispanic or Latino
White
% total population, White alone
Black
% total population, Black or African American alone
Indian
% total population, American Indian and Alaska
Native alone
Asian
% total population, Asian alone
Hawaiian
% total population, Native Hawaiian and Other
Paciﬁc Islander alone
Healthcare
% civilian employed population ≥ 16 years,
healthcare practitioners or technical occupations
Service
% civilian employed population ≥ 16 years, service
occupations
Resources
% civilian employed population ≥ 16 years, natural
resources/construction/maintenance occupations
Production
% civilian employed population ≥ 16 years,
production/transportation/material moving
occupations
Group
% total population, living in group quarters
Vascular
2016–8 cardiovascular disease deaths per 100,000
Diabetes
% total population, diabetic
Obesity
% total population, obese
Smokers
% persons ≥18 years current smokers
RUCA

2010 Rural-Urban Commuting Area (RUCA) codes

Distance

Social distancing score

ICU Beds

Hospital Intensive Care Unit (ICU) Beds per 100,000

NH Beds
UC Facilities

Nursing Home (NH) Beds per 100,000
Urgent Care Facilities per 100,000

Source
USCB
(2020a)

3. Results
The results of the cluster analysis indicated that areas of high relative
risk (RR) for COVID-19 were predominantly in New England, the Southeast, and the Southwest (Fig. 2).
In total, 100 statistically signiﬁcant (p-value<0.01) case clusters
were identiﬁed and 78 statistically signiﬁcant (p-value<0.01) death
clusters were identiﬁed (Table 2). RR values greater than 1 indicate an
increased risk within a cluster compared to outside of it (Chong et al.,
2013). The ten most likely clusters had a RR value ranging between
1.87 and 22.6 for cases and 1.83 to 8.4 for deaths.
The OLS regression revealed that a higher percentage of Black individuals and fewer ICU beds were positively associated with COVID-19
cases and deaths. Additionally, high proportions of non-English
speakers and persons working in production, transportation, and material moving occupations were positively associated with cumulative
cases, while higher proportions of older and disabled individuals were
positively associated with cumulative deaths (Supplementary
Table 2). ICU Beds did not signiﬁcantly impact the results. After excluding ICU Beds, RUCA 2 and 4–10, Black, English, and Production were signiﬁcant predictors of COVID-19 cases and RUCA 5–10, Black, Older, and
Disabled were signiﬁcant predictors of COVID-19 deaths. For the following models, RUCA was reclassiﬁed from 10 values to 4 values with 1
representing urban areas, 2 representing micropolitan areas, 3
representing small towns, and 4 representing rural areas.
Results from the spatial lag models are summarized in Table 3. Findings showed that living in urban areas, micropolitan areas, or small
towns and a higher proportion of Black individuals and non-English
speakers were signiﬁcant predictors of spatial patterns of COVID-19
cases. Notably, living in an urban area was associated with an increase
in cases compared to a lower cumulative incidence in rural areas. For
deaths, ﬁndings showed that a higher proportion of Black individuals
and persons living with a disability were signiﬁcant predictors. The spatial lag regression models explained 51% and 43% of the variance in
cases and deaths, respectively.
Urban areas, micropolitan areas, and small towns were signiﬁcant
predictors across all models. This ﬁnding was also reﬂected by the cluster analysis. Of the 610 counties within case clusters, 265 (43%) were
classiﬁed as urban areas, 178 (29%) as micropolitan areas, 129 (21%)
as small towns, and 38 (6%) as rural areas. Of the 340 counties within
death clusters, 178 (52%) were classiﬁed as urban areas, 95 (28%) as micropolitan areas, 57 (17%) as small towns, and 10 (3%) as rural areas.
Finally, Generalized Linear Mixed-Effect models were used to determine the predictors of cumulative COVID-19 cases and deaths at the
state level. We observed that signiﬁcant predictors of deaths and cases
in the county-level spatial lag model remained signiﬁcant at the state
level despite variability in social distancing behaviors, stay-at-home
mandates, and funding for assistance programs (e.g., Medicaid)
(Table 4). The models explained 29% and 18% of the variance in cases
and deaths, respectively.

CDC (2020c)

CHRRP
(2020)
US
Department
of
Agriculture
(USDA),
(2019)
Unacast
(2020)
Deﬁnitive
Healthcare
(2020)
USDHS
(2020)

the top predictors of COVID-19 cases and deaths. The ﬁnal regression
variables based on the results of the subset regression were RUCA,
Black, English, Production, and ICU Beds for cases (Adjusted R2:
0.4011, CP = 131.78, AIC = 7261.4, SBIC = 209.804) and RUCA, Black,
ICU Beds, Older, and Disabled for deaths (Adjusted R2: 0.3529, CP =
134.13, AIC = 7255.5, SBIC = 401.081).
Third, an Ordinary Least Square (OLS) regression was constructed to
ensure proper model speciﬁcation and signiﬁcant predictors (Table 3).
However, OLS regression resulted in spatial autocorrelation of the residuals for both deaths (Moran's I: 0.412, p-value<0.01) and cases
(Moran's I: 0.352, p-value<0.001) violating the speciﬁcation assumptions of OLS models that county-level cases and deaths and predictors
are independent.
To address this violation, a spatial regression model that accounted
for spatial autocorrelation in the residuals was applied using a queen's
weight matrix. Spatial autocorrelation in OLS residuals may result
4
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Fig. 2. The spatial clusters and relative risk per county for cases and deaths.

English speakers and persons working in production, transportation,
and material moving occupations were signiﬁcant determinants of
cases and higher proportions of older and disabled individuals were signiﬁcant determinants of deaths.
The cluster analysis identiﬁed likely clusters across the contiguous
U.S. between January 22nd and June 30th 2020. The highest-risk case
cluster and death cluster spanned multiple states in the Northeast,
due in part to the COVID-19 outbreak in New York City (Watkins and
Rashbaum, 2020). This ﬁnding corresponds to a primary cluster of cumulative COVID-19 cases also found in the Northeast by another published study between January 22nd and April 27th 2020 (Hohl et al.,
2020a). The clusters of cases and deaths near Arizona was driven by
the outbreak in Navajo Nation (Chappell, 2020).
Several of the highly-likely case clusters were associated with outbreaks in high-density locales, such as correctional facilities and meatpacking plants. For example, COVID-19 outbreaks occurred at the
Trousdale-Turner Correctional Facility in Trousdale County, Tennessee
and the Marion Correctional Institution in Marion County, Ohio
(Hineman, 2020; Candisky, 2020). The ﬁfth case cluster was due to an
outbreak at the Smithﬁeld Foods plant in Sioux Falls, South Dakota
(AP, 2020) and the sixth case cluster was driven by outbreaks at several
meatpacking plants in southwestern Kansas (Boyer, 2020).
Other high-risk clusters appeared near Albany, Georgia; Chicago, Illinois; Detroit, Michigan; and New Orleans, Louisiana, cities with higher
poverty rates, higher percentages of Black, Indigenous, and People of
Color (BIPOC), and below-average life expectancies compared to the

4. Discussion
In this study, cluster analysis and regression identiﬁed a subset of
spatial determinants of COVID-19 at the county level across the U.S.
from January 22nd to June 30th 2020 (Fig. 3). SaTScan analysis identiﬁed clustering of both cases and deaths, many of which could be attributed to outbreaks in cities, correctional facilities, meatpacking plants,
and nursing homes. We observed signiﬁcant geographic disparities in
COVID-19 cases and deaths in urban areas and areas with higher percentages of Black individuals. Additionally, higher proportions of non-

Table 2
COVID-19 spatial clusters from January 22nd though June 30th 2020 (RR = relative risk).
ID

Cases
State (county)

1

Deaths
RR

State (county)

CT, NH, NJ, NY, MA, PA, RI, VT
5.15 CT, DE, NH, NJ, NY, MA, PA, RI,
(Many)
VT (Many)
2
IL (Cook)
2.46 MI (Many)
3
LA (Many)
3.42 LA (Many)
4
MI (Many)
1.87 IL (Cook)
5
IA, NE, SD, MN (Many)
2.90 GA (Many)
6
KS, OK, TX (Many)
4.69 IN (Many)
7
NM, AZ (Many)
3.76 AZ, NM, UT, CO (Many)
8
OH (Marion)
7.13 LA (Caddo)
9
TN (Trousdale)
22.59 OH, PA (Many)
10 GA, AL (Many)
3.05 AL (Many)

RR
8.35
3.74
4.03
2.09
5.02
1.83
2.22
2.37
2.09
3.46
5
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Table 3
The results of the spatial lag model.
Predictors

Cases
Estimate

RUCA [urban area]
RUCA [micropolitan area]
RUCA [small town]
RUCA [rural area]
Black
Production
English
Older
Disabled

Deaths
Std error

1.62
0.71
1.55
0.71
1.40
0.71
0.55
0.72
0.02
0.00
0.002
0.00
0.05
0.00
–
–
–
–
Rho: 0.57, R2: 0.51, AIC: 9190

Z value

P value

Estimate

2.26
2.17
1.97
0.77
12.38
0.60
12.80
–
–

0.024⁎
0.030⁎
0.050⁎
0.443
<2e-16⁎⁎⁎
0.549
<2e-16⁎⁎⁎

1.34
0.82
1.09
0.82
0.90
0.82
0.38
0.82
0.02
0.00
–
–
–
–
−0.01
0.01
−0.02
0.01
Rho: 0.52, R2: 0.43, AIC: 10004

–
–

Std error

Z value

P value

1.63
1.32
1.09
0.46
12.53
–
–
−1.93
−4.19

0.104
0.187
0.276
0.649
<2e-16⁎⁎⁎
–
–
0.054
2.8e-5⁎⁎⁎

⁎ p < 0.05.
⁎⁎ p < 0.01.
⁎⁎⁎ p < 0.001.

comprise the ‘essential’ service sector (Gould and Wilson, 2020). Finally,
Black individuals are more likely to become seriously ill during pandemics due to a higher prevalence of underlying conditions and lower
access to medical care (Hamidi et al., 2020; Quinn and Kumar, 2020).
These ﬁndings build on previous work highlighting how communities
with a higher proportion of Black individuals also experience more
COVID-19 cases and deaths.
Similarly, the percentage of the population speaking English “less
than well,” was a signiﬁcant predictor of cumulative cases. The higher
number of cases in these communities can be attributed to communication challenges relating to receiving public announcements, as well as
accessing and understanding medical care (Galvin, 2020). English was
highly correlated with Hispanic (r = 0.83, p < 0.01), indicating that
communities with a larger Hispanic population may be more likely to
contract COVID-19. The disproportionate impact on Hispanics has also
been documented in prior analyses of race and COVID-19 (Oppel et al.,
2020).
These results suggest that BIPOC are more at-risk of contracting, and
potentially dying, from COVID-19. Studies have demonstrated the negative impact that both direct and indirect exposure to police brutality
has on the mental health of Black individuals (Bor et al., 2018). This impact is important to emphasize given recent nationwide protests against
the murder of George Floyd, which have occurred parallel to the COVID19 outbreak in the U.S. A recent federal survey revealed that these
events have exacted a disproportionate emotional and mental toll on
Black and Asian Americans compared to White Americans (Fowers
and Wan, 2020). Additional work is needed to explore the impacts of
these events on the mental health of vulnerable individuals.
Of the variables related to occupation, the percentage of persons
working in production, transportation, and material moving occupations was the only signiﬁcant predictor of cases. This sector includes employees that frequently travel or interact with others in close quarters,

United States (USCB, 2020b; CDC, 2020d). These cities have high numbers of individuals with preexisting medical conditions that put them
at a higher risk of contracting COVID-19 (Porterﬁeld, 2020; Brooks,
2020; Reyes et al., 2020). Additionally, many of the death clusters, including those in Columbiana County, Ohio and Tallapoosa County, Alabama, were the result of outbreaks in nursing homes (Johnson, 2020;
Williams, 2020).
As COVID-19 incidence continues to escalate, it's likely that the numbers of cases and deaths in rural counties will increase. Some recent
studies suggest that this transition may already be occurring (Paul
et al., 2020). This is problematic because individuals in rural locales
are more likely to be older, lack health insurance, and have preexisting medical conditions that increase their risk (Peters, 2020;
Razzaghi et al., 2020). Due to fewer ventilators, beds, and employees,
medical facilities in rural counties are less equipped to handle surges
in cases (Kaufman et al., 2020). A subsequent analysis comparing the
hospital and reclassiﬁed RUCA data revealed that hospitals in counties
classiﬁed as rural had an average of 0.55 ventilators and 3.39 ICU beds
per hospital, while counties classiﬁed as urban, micropolitan, and
small town had an average of 3.66 ventilators and 14.42 ICU beds per
hospital. Finally, some rural communities, such as Navajo Nation,
dwell in homes that lack access to plumbing (Chappell, 2020). This
makes basic preventative measures, such as handwashing, challenging.
The percentage of Black individuals was a signiﬁcant determinant
for both cases and deaths. This ﬁnding parallels other COVID-19 analyses documenting the disproportionate death rate among Black individuals (e.g., Thebault et al., 2020; Dyer, 2020). This can be attributed to
systemic racism and the inﬂuence of adverse social determinants of
health, including high poverty, high crime, and limited access to healthy
foods and quality healthcare, in many urban communities where more
BIPOC live (Yancy, 2020; Singh et al., 2017). Black individuals are also
more likely than their white counterparts to be in frontline jobs that

Table 4
The results of the mixed-effects models at the state level.
Predictors

Cases
Estimates

RUCA [urban area]
RUCA [micropolitan area]
RUCA [small town]
Black
Production
English
Older
Disabled
Marginal R2/conditional R2

1.49
1.24
0.99
0.38
0.09
0.42
–
–
0.289/0.458

Deaths
CI

p

Estimates

CI

p

1.34–1.63
1.10–1.38
0.85–1.13
0.32–0.43
0.04–0.14
0.37–0.46
–
–

<0.001⁎⁎⁎
<0.001⁎⁎⁎
<0.001⁎⁎⁎
<0.001⁎⁎⁎
0.001⁎⁎
<0.001⁎⁎⁎

1.10
0.72
0.52
0.44
–
–
−0.07
−0.14
0.184/0.421

0.93–1.28
0.56–0.89
0.36–0.67
0.38–0.50
–
–
−0.13 to −0.01
−0.20 to −0.08

<0.001⁎⁎⁎
<0.001⁎⁎⁎
<0.001⁎⁎⁎
<0.001⁎⁎⁎

–
–

⁎ p < 0.05.
⁎⁎ p < 0.01.
⁎⁎⁎ p < 0.001.
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Fig. 3. The signiﬁcant determinants of COVID-19.
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including bus drivers, ﬂight attendants, supermarket workers, and conveyor operators. Many of these occupations offer below-average salaries
and lack paid sick leave, suggesting that employees may be unable to
take time off work due to illness (Harrington, 2020).
Disability was a signiﬁcant predictor for deaths. Similar to the older
population, disabled individuals are considered to be high-risk for
contracting COVID-19 because they may not be able to understand information, practice preventative measures, or communicate symptoms
of illness (CDC, 2020a). People living with a disability may also be more
likely to have a coexisting chronic condition and in many cases require
in-home care which puts them at greater risk for infection. The regression found a negative relationship with COVID-19 deaths, which was
unexpected and conﬁrmed by examining Supplementary Table 1. As
COVID-19 continues to spread geographically, this relationship should
be re-evaluated at a smaller geographic scale (e.g., zip code) and for
smaller geographic regions (e.g., the Southeast).
Age was a signiﬁcant predictor for deaths with the percentage of individuals 65 years old and older predicting fewer deaths. Similar to disabled, this difference may be due to the location of early COVID-19
emergers. Older individuals are at a higher risk of contracting COVID19 because they are more likely to have pre-existing medical conditions
(CDC, 2020a). As revealed in the cluster analysis, many high death rates
are due to outbreaks in nursing homes, which largely consist of older individuals. Additionally, many disabled individuals are also older,
compounding vulnerability to COVID-19.

6. Conclusion
This study related social, economic, and demographic determinants
to spatial variation in COVID-19 across the U.S. from January to June
2020. Findings revealed that urban areas and locations with a greater
proportion of Black individuals were associated with higher numbers
of cases and deaths. Future research should explore underlying risk factors for COVID-19 at a smaller geographic scale or the individual-level to
conﬁrm which environments and populations increase vulnerability.
Ultimately, results from this study highlight locations where targeted
public health interventions can be explored to mitigate outbreaks of
COVID-19.
Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2020.142396.
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5. Strengths and limitations
There are notable limitations to the COVID-19 data. USA Facts conﬁrms county-level data by referencing state and local agencies directly.
Because the scale, timing, and style of reporting varies by county, the
case and death data are subject to error. Additionally, USA Facts counts
presumptive cases and conﬁrmed cases, which is in line with reporting
by the CDC (USA Facts, 2020d). Our study is also limited to the early period of the outbreak from January 22nd through June 30th, 2020, and
the underlying spatial determinants of COVID-19 cases and deaths will
likely change as the pandemic continues.
The main limitation of our study is the retrospective ecological study
design, which limits the ability to determine causal relationships. Further, a prospective study measuring changes in morbidity and mortality
over time, rather than cumulative cases and deaths, would contribute to
the emerging ﬁndings on early cluster detection (i.e. Desjardins et al.,
2020; Hohl et al., 2020a; Hohl et al., 2020b). However, our early analysis
provides a framework for future research to identify regions with geographic disparities and the associated underlying causes of high
COVID-19 cases and deaths. As the pandemic continues, we recommend
future analysis that focuses on speciﬁc regions of the U.S. to fully understand the underlying risk factors and how they vary across geographic
regions. We also recommend the use of a smaller spatial scale, which
may avoid the potential for the modiﬁable areal unit problem and has
been used in other COVID-19 studies to detect health disparities
(Chen et al., 2020).
As testing increases, the number of conﬁrmed cases is expected to
increase. Future work should incorporate testing data into the analysis
once these data are made publicly available. Additionally, future studies
should analyze trends in cases and deaths by age, race, and gender at the
individual level as this information becomes publicly available. Finally,
the increasing availability of COVID-19 data at the zip code level provides opportunities for sub-county exploration of the determinants of
COVID-19. The authors are particularly interested in using methods
similar to Federgruen and Naha (2020) to explore determinants of
COVID-19 across North Carolina zip codes. As COVID-19 cases and
deaths continue to increase across the U.S., understanding the variables
that contribute to incidence will be crucial for targeted interventions at
the community level.
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