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Abstract

Purpose: This ecological analysis investigates the spatial patterns of the
COVID-19 epidemic in the United States in relation to socioeconomic variables
that characterize US counties.
Methods: Data on confirmed cases and deaths from COVID-19 for 2,814 US
counties were obtained from Johns Hopkins University. We used Geographic
Information Systems (GIS) to map the spatial aspects of this pandemic and in-
vestigate the disparities betweenmetropolitan and nonmetropolitan communi-
ties. Multiple regressionmodels were used to explore the contextual risk factors
of infections and death across US counties. We included population density,
percent of population aged 65+, percent population in poverty, percent mi-
nority population, and percent of the uninsured as independent variables. A
state-level measure of the percent of the population that has been tested for
COVID-19 was used to control for the impact of testing.
Findings: The impact of COVID-19 in the United States has been ex-
tremely uneven. Although densely populated large cities and their surrounding
metropolitan areas are hotspots of the pandemic, it is counterintuitive that in-
cidence and mortality rates in some small cities and nonmetropolitan counties
approximate those in epicenters such as New York City. Regression analyses
support the hypotheses of positive correlations between COVID-19 incidence
and mortality rates and socioeconomic factors including population density,
proportions of elderly residents, poverty, and percent population tested.
Conclusions: Knowledge about the spatial aspects of the COVID-19 epidemic
and its socioeconomic correlates can inform first responders and government
efforts. Directives for social distancing and to “shelter-in-place” should continue
to stem the spread of COVID-19.

Key words COVID-19, pandemic, metropolitan areas, rural or nonmetropoli-
tan, spatial disparities.

COVID-19 is an infectious disease caused by severe acute
respiratory syndrome coronavirus 2 (SARS-COV-2) that
originated December 2019 in Wuhan, China, a metropo-
lis with a population of more than 11 million.1 The out-
break proliferated rapidly worldwide and was declared
a pandemic within months. At the time of this writing
(May 1, 2020), SARS-COV-2 has infected approximately
3.5 million people across 187 countries (or regions) and

has caused nearly 240,000 deaths. The first US case was
reported on January 19, 2020, in Snohomish County,
Washington.2 Since then, the United States has become
the epicenter of the pandemic with more than 1,000,000
confirmed cases and over 60,000 deaths. Epidemiologi-
cal predictions suggest that, depending upon the location
within the United States, it may takeweeks for the growth
curve of US cases to peak.
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Transmission of SARS-COV-2 occurs primarily via
the respiratory route whereby droplets containing the
virus travel when an infected individual coughs or
sneezes. It is unclear whether the virus also is transmit-
ted via the aerosol route; that is, via smaller particles
not requiring droplet transmission.3,4 Early research
found that most infected individuals suffer only minor
symptoms.5-7 Conversely, older individuals, particularly
those with coexisting morbidities (eg, hypertension,
diabetes, asthma, and/or obesity), are more likely to
experience severe symptoms and to die.8-10 Other data,
albeit largely anecdotal, indicate that the death toll from
infection is disproportionately greater among minorities
and among residents who live in inner cities and/or rural
communities.11 The greater vulnerability of these groups
is believed to be due to a combination of poverty, a higher
prevalence of comorbid diseases, and poor accessibility to
health care.12 In terms of the differences between urban
and rural areas in exposure to COVID-19, although the
high population density in large cities and metropolitan
areas is a major risk factor for contracting the virus, rural
areas may be uniquely vulnerable due to the older age
structure of many rural communities, the higher preva-
lence of chronic illnesses (eg, diabetes and hypertension),
and a relative lack of health care facilities and services.13-18

Since the outbreak of SARS-COV-2 in the United States,
Geographic Information Systems (GIS) have been used
to quickly map the distribution and diffusion of the
pandemic.19-22 However, to our knowledge, there has
been little published analysis of geographic disparities
in infections and deaths among urban, suburban, and
rural communities.23,24 Additionally, empirical data that
explore the risk factors that are associated with SARS-
COV-2 infections and fatalities are needed in order to
inform policies including preparation, response, mitiga-
tion, and recovery strategies.25-27 This ecological analysis
investigates spatial patterns of COVID-19 relative to so-
cioeconomic contexts of different types of communities
across the United States using data for US counties and
metropolitan areas.

Data and Methods

Data on confirmed cases and deaths of COVID-19 were
compiled and released by the Center for Systems Science
and Engineering (CSSE) at Johns Hopkins University,
which compiled data collated by the US Centers for Dis-
ease Control & Prevention (CDC) from individual states
and local health agencies. We used county-level data for
2,814 US counties that had at least one case of infection
as of May 1 2020. The data for New York City includes
its 5 boroughs (or counties): Manhattan, Bronx, Kings,

Queens, and Richmond, which were provided as a single
unit in the original data set. Numbers of cases and deaths
for Kansas City, Missouri, and Jackson County (home to
Kansas City) were reported separately in the original data
but were consolidated as one county. We excluded cases
that were assigned at the state level but were not affiliated
with a specific county. We calculated incidence rates and
death rates per 100,000 for each county and metropolitan
area using the 2018 population data from the US Census
Bureau.
In order to examine spatial disparities between

metropolitan and nonmetropolitan counties, we used
urban-rural continuum locale codes from the US Depart-
ment of Agriculture (USDA).28-30 Briefly, the USDA codes
are based on the size of a county’s urban population and
its location relative to metropolitan areas of different
sizes. Counties located inside metropolitan statistical
areas (MSAs) are divided into 3 subcategories: counties
in the largest MSAs (1 million population or more)
are assigned a locality of 1; counties with populations
between 250,000 and 1 million, a locality of 2; and those
with populations smaller than 250,000, a locality of
3. Counties located outside any metropolitan area are
assigned a subcategory ranging from 4 to 9 depending on
the size of its urban population and whether it is adjacent
to a metro area. Among the 2,814 counties (nearly 90%
of all counties in the United States) that have reported
data on COVID-19 infections and deaths, 431 are in
large MSAs, 370 in medium-sized MSAs, 346 in small
MSAs, and 1,667 are nonmetropolitan or rural counties.
Additionally, the Census Bureau classifies metropolitan
counties into 2 subcategories: central or urban counties
and outlying or suburban counties. These subcategories
help to differentiate urban and suburban communities
within metropolitan areas.
To investigate the spatial variations of COVID-19 cases

and deaths, we performed multiple regression analyses
using a subset of the original data—1624 counties with
16 or more cases—as recommended by CDC, in order to
mitigate the analytical problems caused by counties with
a small number of cases and to preserve the anonymity
of cases.31 Confirmed cases and deaths for each county
were used as the dependent variables, respectively. We
used data on county-level social vulnerability indices in
2018 created by the CDC as independent variables. These
indices included the percent of population aged 65+, the
percent of the population in poverty, the percent minor-
ity, and percent uninsured. Population density was con-
sidered the primary predictor since more densely popu-
lated communities make it easier for infections to spread;
indeed, this is the rationale for the public health in-
tervention of “social distancing.”32 Because older indi-
viduals have a higher prevalence of preexisting chronic
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Table 1 Top 10 Metropolitan Areas with Largest Confirmed Cases of COVID-19

Ranking Metropolitan Areas Population Infections Deaths

1 New York-Newark-Jersey City, NY-NJ-PA 19,990,592 394,259 29,373

2 Chicago-Naperville-Elgin, IL-IN-WI 9,536,428 50,705 2,257

3 Boston-Cambridge-Newton, MA-NH 4,811,732 47,583 2,624

4 Philadelphia-Camden-Wilmington, PA-NJ-DE-MD 6,069,448 36,508 1,852

5 Detroit-Warren-Dearborn, MI 4,317,179 30,344 3,145

6 Los Angeles-Long Beach-Anaheim, CA 13,262,234 25,626 1,164

7 Washington-Arlington-Alexandria, DC-VA-MD-WV 6,138,382 25,163 1,080

8 Miami-Fort Lauderdale-West Palm Beach, FL 6,070,944 19,979 723

9 New Orleans-Metairie, LA 1,263,635 16,094 1,053

10 Atlanta-Sandy Springs-Roswell, GA 5,779,463 13,211 505

illnesses and are more vulnerable to symptomatic infec-
tions, we included the percent of the population aged 65
and above.33 In light of well-documented health dispari-
ties between rich and poor and between Whites and mi-
norities (eg, Blacks, Hispanics, Native Americans), we hy-
pothesized that the poverty level and the percentage of
minority population would be positively correlated with
disease burden.34-37 However, an assessment of the num-
ber of infections and deaths of COVID-19 is largely depen-
dent on the availability of testing.38 We therefore included
the percent of the population being tested at the state
level, as testing datawere not available at the county level.
Additionally, we conducted sensitivity analyses using a

smaller sample that comprised only 688 rural counties
and including population density as the only independent
variable in regression analysis to explore whether popu-
lation density is a helpful predictor or not. Because most
rural areas are sparsely populated in the United States, it
was expected that population density would be less effec-
tive in predicting the variations of coronavirus infections
and deaths across rural communities.

Results

Disparities in COVID-19 Between Metropolitan
and Nonmetropolitan Areas

We excluded 7,445 cases (less than 1% of the total) that
were not affiliated with a specific county. The COVID-
19 pandemic has affected 90% or 2,814 of US counties
in all 50 states and Washington DC, among which large
cities and their associated metropolitan areas have been
affected the most. New York City, the nation’s largest
city (2018 population of 8.4 million in its 5 boroughs),
recorded 167,478 confirmed cases, representing 15.7% of
the nation’s total infections. The New York metropolitan
area, which comprises 25 counties that span New York,
New Jersey, and Pennsylvania (2018 population of 20
million), accounts for nearly 37% (or 394,259 confirmed

cases) of the nation’s infections (Table 1). After the New
York metro, other metropolitan areas, including Chicago,
Boston, Philadelphia, Detroit, Los Angeles, Washington
DC, Miami, New Orleans, and Atlanta, are among the top
10 in terms of number of confirmed incident cases. The
top 10metropolitan areas represent nearly 61%of all con-
firmed cases of COVID-19 in the United States.
Large metropolitan areas also have the highest num-

ber of coronavirus fatalities (Table 1). With 29,373 deaths,
the New York MSA accounts for nearly 47% of the to-
tal deaths nationwide, followed by other MSAs includ-
ing Detroit, Boston, Chicago, Philadelphia, Los Angeles,
Washington DC, and New Orleans. It is noteworthy that
Detroit and New Orleans have become the second and
eighth largest hotspots despite their population rankings,
which are considerably lower (the 14th and 24th largest
MSAs). Los Angeles and Chicago, the second and third
largest metropolitan areas, on the contrary, ranked lower
in terms of both infections and deaths than their corre-
sponding populations would suggest.
More than 94.3% of all confirmed cases (1,061,223 of

1,068,668 as of May 1) and 96.3% of all deaths (62,295
out of 62,698) were recorded in 1,447metropolitan coun-
ties (USDA locale codes 1–3) (Table 2). In other words,
5.6% (59,940) of all infections and 3.7% (2333) of deaths
were recorded in 1,667 nonmetropolitan or rural counties
(USDA locale codes 4–9). Metropolitan counties, espe-
cially those located in large MSAs with populations more
than 1 million, had the highest rates of infection and
death rates. Rural or nonmetropolitan counties, in gen-
eral, had the lowest rates for both infection and mortal-
ity, especially in nonmetro counties with populations less
than 19,999 and not adjacent to any MSA (ie, locales 7
and 9) (Figure 1). However, it is noteworthy that some
counties that are completely rural and/or those adjacent
to MSAs but with urban populations less than 2,500 (ie,
locale 8) had an average infection rate nearly as high as
that in small MSA counties (ie, locale 3). Likewise, non-
metro counties with urban population between 2,500 and
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Table 2 Confirmed Cases and Deaths of COVID-19 Pandemic Summarized by Urban-Rural Locality
∗

Locality Counties Infections % Deaths %

1 – Metro counties in MSAs of 1 million population or more (Large MSA) 431 826,750 77.9 51,553 82.8

2 – Metro counties in MSAs of 250,000 to 1 million population (Medium-sized MSA) 370 126,612 11.9 6,616 10.6

3 – Metro counties in MSAs of fewer than 250,000 population (Small MSA) 346 47,921 4.5 1,793 2.9

4 - Nonmetro—Urban population≥ 20,000, adjacent to a MSA 213 19,879 1.9 738 1.2

5 - Nonmetro—Urban population≥ 20,000 or more, not adjacent to a MSA 92 7,305 0.7 214 0.3

6 - Nonmetro—Urban population of 2,500 to 19,999, adjacent to a MSA 565 18,805 1.8 932 1.5

7 - Nonmetro—Urban population of 2,500 to 19,999, not adjacent to a MSA 375 9,052 0.9 322 0.5

8 - Nonmetro—Completely rural or <2,500 urban population, adjacent to a MSA 170 3,066 0.3 71 0.1

9 - Nonmetro—Completely rural or <2,500 urban population, not adjacent to a MSA 252 1,833 0.2 56 0.1

Total number of counties 2,814 (1,147 metro;

1,667 nonmetro)

1,061,223 100 62,295 100

∗A total of 7,445 (or less than 1%) of confirmed cases and 643 (or less than 1%) of deaths in the original data were excluded because they were assigned

at the state level but were not affiliated with a specific county.

Figure 1 Average Incidence Rates of Confirmed Cases and Deaths from COVID-19 Pandemic for US Counties Classified by USDA Urban-Rural Locale

Codes (2013).

19,999 and adjacent to MSAs (ie, locale 6) had an av-
erage mortality rate just below large and medium MSA
counties.
Within metropolitan areas, central or urban counties

had much higher incidence and mortality rates than out-
lying or suburban counties (Figure 2). In summary, urban
counties had the highest levels, rural counties the lowest
levels, and suburban counties intermediate levels of inci-
dent and fatal COVID-19 cases.

Mapping Spatial Patterns of Covid-19 Infections
and Deaths

Mapping incidence and mortality rates at a more gran-
ular scale, for example, individual counties that are the

building blocks of metropolitan areas, allows us to vi-
sualize more detailed patterns of COVID-19 (Figures 3
and 4). As noted above, it is not surprising that the high-
est infection rates are in large cities and their associated
metropolitan areas, especially the Northeast corridor that
stretches from Boston to Washington DC, the Midwest
(ie, Detroit and Chicago), and New Orleans. In addition
to large metropolitan areas, small metropolitan areas and
rural counties that are far away from major cities, in-
cluding southwest Georgia, northeast Arizona, and north-
west New Mexico, that spans a large portion of the
Navajo Nation, west-central Colorado, and south-central
Idaho, show surprisingly high rates of confirmed cases.
An inspection of the top 25 counties with the highest
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Figure 2 Average Incidence and Mortality Rates in Urban, Suburban, and Rural Counties in the United States.

infection rates shows that 3 counties are in small MSAs
and 11 counties are rural or nonmetro (see Table 3). Lin-
coln County, Arkansas, an outlying county (population
13,695 in 2018) in the small Pine Bluff MSA, had the
highest infection rate (ie, 5,943.8 per 100,000 popula-
tion), nearly 3 times larger than that in New York City
(ranked 22 with an incidence rate of 1983.5 per 100,000
population). Thus, several small metro areas and some ru-
ral areas are notable exceptions to the generalization that
COVID-19 cases are limited to large metropolitan areas.
An examination of COVID-19 mortality rates under-

scores the observation that small metropolitan areas
and some nonmetropolitan counties are disproportion-
ately affected (Table 4). For example, the second-highest
death rate in the nation (after the New York MSA) is
in the Albany metropolis, a small MSA in southwest
Georgia, population 153,101. Among the top 25 MSAs,
8 are small metropolitan areas with populations less
than 250,000, including Albany, GA; Grand Island, NE;
Houma-Thibodaux, LA; Farmington, NM; East Strouds-
burg, PA; Lewiston, ID-WA; Saginaw, MI; and Flagstaff,
AZ. MSAs of Albany, GA and Grand Island, NE also rank
second and third in infection rate among all metropolitan
areas.
The county with the highest mortality rate (268.1

deaths per 100,000) is Randolph, GA (population 7,087),
a rural county near the Alabama border (Table 5).
Among the top 25 in mortality rates, 2 Georgia coun-
ties, Dougherty and Terrell, are located in the Albany
(GA) metropolitan area. Eleven (11) are classified as ru-

ral nonmetropolitan counties that are scattered in a num-
ber of states including Georgia (Clay, Early, Mitchell,
Randolph, Turner, Wilcox counties), Indiana (Decatur
County), Kansas (Coffey County), Louisiana (Bienville
County), Montana (Toole county), and Oklahoma (Greer
County).

Ecological Analysis of the Correlates of
COVID-19

Results of regression models for COVID-19 incident cases
are presented in Table 6. As expected, the variables popu-
lation density, percent population aged 65+, and percent
population tested for COVID-19 showed statistically sig-
nificant and positive correlations with confirmed cases of
COVID-19. Population density is the strongest predictor of
the variations of infections among counties and explains
43% of the variations of infections. The impact of testing
rates is understandable and substantiates epidemiologists’
call for expanding testing to control the spread of coro-
navirus. Poverty and percent minority population were
not significant and showed negative correlations with in-
cidence rates. One possible explanation is that this re-
flects the likelihood that poverty and minority popula-
tions are factors that lead individuals to be untested. The
percent uninsured population showed a positive sign but
was not statistically significant, which could have also
been affected by shortages of testing. Overall, the regres-
sion model explained nearly half of the variation in in-
cidence rates (45%) of COVID-19 across 1,624 counties.
Multicollinearity was not a significant factor among the
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Table 3 Top 25 Counties with the Highest Infection Rates from COVID-19 (Rural Counties are Shaded)

Ranking County, State USDA Locality Population Infections Per 100,000

1 Lincoln, Arkansas Small MSA 13,695 5,943.8

2 Bledsoe, Tennessee Rural or nonmetro 14,602 4,067.9

3 Rockland, New York Large MSA 323,686 3,617.1

4 Nobles, Minnesota Rural or nonmetro 21,839 3,397.6

5 Marion, Ohio Rural or nonmetro 65,344 3,360.7

6 Dakota, Nebraska Small MSA 20,317 3,228.8

7 Cass, Indiana Rural or nonmetro 38,084 3,056.4

8 Pickaway, Ohio Large MSA 57,420 3,016.4

9 Westchester, New York Large MSA 968,815 2,990.3

10 Nassau, New York Large MSA 1,356,564 2,643.0

11 Passaic, New Jersey Large MSA 504,041 2,469.8

12 Louisa, Iowa Rural or nonmetro 11,223 2,396.9

13 Seward, Kansas Rural or nonmetro 22,692 2,322.4

14 Orange, New York Large MSA 378,227 2,287.0

15 Union, New Jersey Large MSA 553,066 2,274.2

16 Suffolk, New York Large MSA 1,487,901 2,262.5

17 Blaine, Idaho Rural or nonmetro 21,994 2,259.7

18 Randolph, Georgia Rural or nonmetro 7,087 2,243.5

19 Hudson, New Jersey Large MSA 668,631 2,230.8

20 Terrell, Georgia Small MSA 8,859 2,065.7

21 Early, Georgia Rural or nonmetro 10,348 2,058.4

22 New York City, New York Large MSA 8,443,713 1,983.5

23 Ford, Kansas Rural or nonmetro 34,484 1,957.4

24 Dawson, Nebraska Rural or nonmetro 23,204 1,915.6

25 St. John the Baptist, Louisiana Large MSA 43,446 1,767.7

independent variables included in the model as the vari-
ance inflation factor (VIF) values for each independent
variable were as low as <2 (data not shown).
Results of a sensitivity analysis found that when only

rural counties were used, population density became in-
significant (b = 0.100; Std error = 0.072) for infections
and the model explained less than 1% of the variations of
infections (Adjusted R square = 0.001). This finding indi-
cates that population density is less likely to be a risk fac-
tor for rural counties because rural areas in general have
much lower population densities in comparison to their
metropolitan counterparts.
The results of regression model using COVID-19 deaths

as the dependent variable are similar to those observed
in the model for confirmed cases. Population density re-
mained the strongest predictor of COVID-19 mortality
rates. The variables, percent older population and poverty,
both showed expected significant and positive associa-
tions with COVID-19 deaths. This is consistent with the
hypothesis that the elderly and the poor are at greater
risks of COVID-19 deaths. The percent of the minor-
ity population was significant but negative. One possi-
ble explanation is that the data on coronavirus deaths
are not disaggregated by race or ethnicity and Whites

were the majority in the death tolls for most counties.
Percent of the uninsured population was positive but
was not significant, which could be a result of under-
estimates or undercounting of COVID-19 induced fatali-
ties, especially for those disadvantaged communities (ie,
inner cities or remote rural communities). The regres-
sion model explains 39% of the variations of COVID-19
across 1,624 counties. Results from a sensitivity analysis
using rural counties only and regressing mortality against
population density alone were similar to the findings for
infections.

Discussion and Conclusions

This article analyzes country-wide data from the ongo-
ing COVID-19 pandemic with a focus on spatial dispari-
ties among metropolitan and nonmetropolitan commu-
nities. As the COVID-19 epidemic in most areas of the
US continues to mount, these findings must be consid-
ered an interim appraisal. More definitive conclusions
can only be reached once the epidemic has abated and
when other relevant data, some not presently available,
are included. However, several notable trends are appar-
ent. Large, densely populated cities and their surrounding
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Table 4 Top 25 Metropolitan Areas Ranked by Death Rate per 100,000 Population

Ranking Metropolitan areas MSA Size Population Death per 100,000

1 New York-Newark-Jersey City, NY-NJ-PA Large 19,990,592 146.9

2 Albany, GA Small 153,101 113.0

3 Bridgeport-Stamford-Norwalk, CT Medium 944,348 85.8

4 New Orleans-Metairie, LA Large 1,263,635 83.3

5 Detroit-Warren-Dearborn, MI Large 4,317,179 72.8

6 Hartford-West Hartford-East Hartford, CT Large 1,209,367 67.2

7 Springfield, MA Medium 630,275 63.9

8 Trenton, NJ Medium 368,762 62.6

9 New Haven-Milford, CT Medium 859,339 59.6

10 Boston-Cambridge-Newton, MA-NH Medium 4,811,732 54.5

11 Flint, MI Medium 409,361 45.9

12 Grand Island, NE Small 84,729 41.3

13 Houma-Thibodaux, LA Small 210,801 36.5

14 Farmington, NM Small 127,455 35.3

15 Baton Rouge, LA Medium 829,642 32.8

16 East Stroudsburg, PA Small 167,586 32.2

17 Greeley, CO Medium 295,123 32.2

18 Lewiston, ID-WA Small 62,492 32.0

19 Allentown-Bethlehem-Easton, PA-NJ Medium 834,615 31.8

20 Lancaster, PA Medium 538,347 31.6

21 Shreveport-Bossier City, LA Medium 441,339 31.5

22 Scranton–Wilkes-Barre–Hazleton, PA Medium 556,926 30.9

23 Saginaw, MI Small 192,778 30.6

24 Philadelphia-Camden-Wilmington, PA-NJ-DE-MD Large 6,069,448 30.5

25 Flagstaff, AZ Small 140,217 30.0

metropolitan areas are the hotspots of the COVID-19 pan-
demic both in terms of incidence and mortality. In gen-
eral, the larger metropolitan areas, including both urban
and suburban areas, have higher incidence and mortal-
ity rates than smaller and nonmetropolitan areas. How-
ever, as of May 1, nonmetropolitan areas that span 1,667
counties in the United States have amassed nearly 6%
(or 60,000) of confirmed cases and 4% (or over 2,300)
of deaths from COVID-19. It is striking that the infec-
tion rates in some small metropolitan areas (eg, Albany,
GA; Pine Bluff, AR; Grand Island, NE) and numerous ru-
ral counties (eg, Bledsoe, TN; Nobles, MN; and Marion,
OH) ranked very high nationally. Likewise, the mortality
rates in some small metropolitan areas (eg, Albany, GA;
Grant Island, NE; Houma-Thibodaux, LA; and Farming-
ton, NM) and nonmetropolitan counties (eg, Randolph,
Early, and Mitchell counties in southwest Georgia and
Toole County in Montana) actually exceed those of the
larger cities. The complete explanation for this paradox is
not apparent but likely involves chance or “local” factors
that become important in smaller communities. For ex-
ample, the high rates in Albany, Georgia, have been traced
to the presence of an infected individual at 2 funerals that
were highly attended.39 The introduction of an infected
individual thus can have a disproportionate effect on dis-

ease rates when the population is relatively small but
densely aggregated. Additionally, it is likely that the lim-
ited health care facilities of small cities and rural commu-
nities are a critical bottleneck to access to services. Many
rural areas tend to have higher poverty rates and much
older populations with a higher prevalence of comorbidi-
ties. These populations may be more vulnerable to symp-
tomatic and more serious courses of disease than other
populations.40

Regression analyses support the hypotheses of correla-
tions between COVID-19 infections and deaths and the
selected socioeconomic contextual factors including pop-
ulation density, proportions of elderly residents, poverty,
and testing at the state level. It is reasonable to sug-
gest that densely populated areas and communities that
are aging, poverty-stricken, and lack testing are more
at risk of COVID-19. Moreover, results from the sen-
sitivity analyses corroborate that population density is
a more effective predictor of COVID-19 infections and
mortality for metropolitan areas, not for rural areas.
The unexpected results for other socioeconomic risk fac-
tors, including proportion of minority and uninsured
population, are largely due to the use of disaggregated
data, undertesting, or underreporting. Despite this weak-
ness, our findings corroborate anecdotal observations and
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Table 5 Top 25 Counties with the Highest Mortality Rates from COVID-19 (Rural Counties are Shaded)

Ranking County, State USDA Locality Population Deaths per 100,000

1 Randolph, Georgia Rural or Nonmetro 7,087 268.10

2 Terrell, Georgia Small MSA 8,859 214.47

3 New York City, New York Large MSA 8,443,713 213.99

4 Early, Georgia Rural or Nonmetro 10,348 193.27

5 St. John the Baptist, Louisiana Large MSA 43,446 158.82

6 Rockland, New York Large MSA 323,686 157.87

7 Essex, New Jersey Large MSA 793,555 149.45

8 Mitchell, Georgia Rural or Nonmetro 22,432 133.74

9 Dougherty, Georgia Small MSA 91,049 132.90

10 Nassau, New York Large MSA 1,356,564 125.32

11 Union, New Jersey Large MSA 553,066 124.76

12 Bergen, New Jersey Large MSA 929,999 122.15

13 Toole, Montana Rural or Nonmetro 4,976 120.58

14 Hudson, New Jersey Large MSA 668,631 119.35

15 Passaic, New Jersey Large MSA 504,041 113.68

16 Orleans, Louisiana Large MSA 389,648 111.38

17 Westchester, New York Large MSA 968,815 106.42

18 Decatur, Indiana Rural or Nonmetro 26,552 105.45

19 Wilcox, Georgia Rural or Nonmetro 8,846 101.74

20 Wayne, Michigan Large MSA 1,761,382 101.17

21 Greer, Oklahoma Rural or Nonmetro 5,943 100.96

22 Turner, Georgia Rural or Nonmetro 7,962 100.48

23 Clay, Georgia Rural or Nonmetro 3,001 99.97

24 Coffey, Kansas Rural or Nonmetro 8,296 96.43

25 Bienville, Louisiana Rural or Nonmetro 13,668 95.11

Table 6 Results of Regression Analysis of Confirmed Cases and Deaths of COVID-19 (n = 1,624)

Model for Incidence Model for Deaths

Independent Variables Coefficient Standard Error Coefficient Standard Error

Constant −2940.18
∗∗∗

530.334 −296.338
∗∗∗

54.516

Population density 2.433
∗∗∗

0.072 0.231
∗∗∗

0.007

% Aged 65 years old and above 62.149
∗

24.387 6.576
∗∗

2.507

% Population below poverty −.472 19.223 4.107
∗

1.976

% Minority population −2.702 6.067 −1.801
∗∗

0.624

% Uninsured population 34.607 26.222 3.974 2.696

% Of population tested (statewide) 690.644
∗∗∗

103.783 43.423
∗∗∗

10.668

Adjusted R Square 0.447 (F = 219.437, P < .001) 0.391 (F = 174.656, P < .001)

All statistical tests were 2-sided and a P value ≤ .05 was considered significant.
∗Significance level of .05.
∗∗Significance level of .01.
∗∗∗Significance level of .001. All variance inflation factor (VIF) values for the independent variables were below 2.0.

empirical research that highlight the vulnerability of those
disadvantaged communities.11,38 Our findings about the
geographic heterogeneity and sociodemographic corre-
lates of the COVID-19 outbreak can inform policy and
government efforts to address the uneven distribution
of COVID-19 cases across demographic groups and ge-
ographic areas.38 Given the fact of implementations of

nationwide lockdown and social distancing practices, the
pandemic may be showing signs of receding in large
metropolitan areas, but it is predicted to continue to dif-
fuse from cities to small places and rural communities.
These findings support the provision of additional test-
ing facilities and services, including mobile health clin-
ics and telehealth services, to help the rural communities
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that have been underserved and undertested during this
pandemic.41-43

It is important to note that these data are subject to
several methodological limitations, including the ecologic
nature of the analysis and biases that are related to the
under- (and sometimes over-) ascertainment of cases.
First, the primary data in this spatial study are counties,
not individuals. Thus, we cannot validly conclude, for
example, that because counties with a high prevalence
of population aged 65 or above have higher mortality
rates that individuals who are 65 or older will do so.
Furthermore, due to the unavailability of disaggregated
data, our findings were based on analysis of total counts
of infections and deaths in each county, prohibiting
us from identifying disparities between demographic
groups (eg, gender, age, or race/ethnicity) within the
population.44 It would obviously be valuable to conduct
more in-depth analysis using individual-level data to ex-
amine racial/ethnic disparities in infection and mortality
rates if data on racial/ethnic breakdowns are released
by health agencies at later stages. Our focus in this early
analysis is to identify regions with geographic disparities
in order to probe the underlying causes behind these.
Thus, the ecologic approach is a valid and appropriate
first step in this process.
Ascertainment bias is another important, potential lim-

itation. The incidence rate obviously depends on the fre-
quency of testing. Shortages of testing equipment remain
a critical problem for both disease control and epidemio-
logical analysis. Therefore, low prevalence rates in many
areas, especially sparsely populated rural counties, are
likely artifacts of lower rates of testing, as validated by the
positive association of infections and testing rate at the
state level in our regression analysis.38 Thus, underascer-
tainment should disproportionately reflect poorer, more
rural counties, whose true prevalence rates will likely be
higher than recorded. Conversely, the data are also sus-
ceptible to inflation of mortality rates that can occur when
individuals who are ill from etiologically unrelated dis-
eases succumb to these diseases while they are infected.
In large metropolitan areas, such as New York City, thou-
sands of individuals may die each day due to noncoro-
navirus causes, such as lung cancer, cardiovascular dis-
ease, etc. In many individuals, the coronavirus infection
doubtlessly exacerbated their pre-existing illness and, in
this way, causally contributed to their deaths. However,
deaths from these underlying causes in the presence of a
positive COVID-19 serological test is likely to be recorded
as a “coronavirus death” even if the contribution of the
virus to death was modest. That is, some deaths that un-
der nonpandemic circumstances would be attributable to
noncoronavirus causes likely will be counted as deaths
due to coronavirus. The actual autopsy rate in the present

health crisis is expected to be exceptionally low. This type
of ascertainment bias likely would have complex, and dif-
ferent effects in rural than in metropolitan areas. For ex-
ample, in rural areas, a lower rate of testing would fail to
identify some decedents as coronavirus cases and likely
would lead to an underestimate of the effect of the virus
on mortality.
In summary, our analysis found that COVID-19 infec-

tions and deaths are (not surprisingly highly) concen-
trated in large cities and their surrounding metropolitan
areas. However, equivalently high rates were found in
small cities and nonmetropolitan or rural communities.
Communities with high proportions of elder populations,
high poverty rates, and high population density are found
at high risk of COVID-19. Moreover, the magnitude of
infections and deaths is positively associated with testing
rates at the state level, which supports expanding testing
capacities to undertested areas, especially rural commu-
nities, to stem the spread of the virus. These findings are
subject to ascertainment biases and should be considered
provisional guides to the geography and underlying risk
factors of the pandemic in the United States.
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