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Background. The United States has been heavily impacted by the coronavirus disease 2019 (COVID-19) pandemic. 
Understanding microlevel patterns in US rates of COVID-19 can inform specific prevention strategies.

Methods. Using a negative binomial mixed-effects regression model, we evaluated the associations between a broad set of US 
county-level sociodemographic, economic, and health status–related characteristics and cumulative rates of laboratory-confirmed 
COVID-19 cases and deaths between 22 January 2020 and 31 August 2020.

Results. Rates of COVID-19 cases and deaths were higher in US counties that were more urban or densely populated or that had 
more crowded housing, air pollution, women, persons aged 20–49 years, racial/ethnic minorities, residential housing segregation, 
income inequality, uninsured persons, diabetics, or mobility outside the home during the pandemic.

Conclusions. To our knowledge, this study provides results from the most comprehensive multivariable analysis of county-level pre-
dictors of rates of COVID-19 cases and deaths conducted to date. Our findings make clear that ensuring that COVID-19 preventive meas-
ures, including vaccines when available, reach vulnerable and minority communities and are distributed in a manner that meaningfully 
disrupts transmission (in addition to protecting those at highest risk of severe disease) will likely be critical to stem the pandemic.
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The coronavirus disease 2019 (COVID-19) pandemic, caused 
by severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2), is ongoing, and the United States has been heavily 
impacted. The US population, however, is geographically and 
sociodemographically diverse, and understanding microlevel 
patterns in rates of COVID-19 cases and deaths can inform 
specific prevention strategies and the titration of public health 
responses at the federal, state, and local levels. This need is 
heightened as the US economy and schools begin reopening 
and daily life gets back on track against the backdrop of uncer-
tainty about whether a resurgence of COVID-19 will emerge 
with the upcoming flu season.

Although previous studies have evaluated the impact of various 
sociodemographic or environmental factors on the risk of devel-
oping or dying from COVID-19 (eg, race/ethnicity [1–11], pov-
erty [2], air pollution [12], mobility [13], population density [14], 

chronic medical conditions [15–18]), these factors have largely 
been examined in isolation. Moreover, most analyses were con-
ducted early in the pandemic. The Centers for Disease Control 
and Prevention (CDC) recently presented preliminary data that 
describe the association between an aggregated “social vulnera-
bility index” and the likelihood of becoming a CDC-designated 
COVID-19 “hot spot” [19]. However, additional comprehensive 
evaluations of COVID-19 disease trends are needed to inform fu-
ture public health strategies against the complexities of COVID-
19. To help pinpoint prevention strategies, including vaccination 
once available, we evaluated the associations between a broad set 
of county-level environmental, sociodemographic, economic, 
and health status–related characteristics on rates of COVID-19 
cases and deaths in the United States.

METHODS

Outcome Data

We obtained county-level records of the cumulative number 
of COVID-19 laboratory-confirmed cases and deaths from the 
Johns Hopkins University Coronavirus Resource Center avail-
able between 22 January 2020 and 31 August 2020. This source 
tracks and makes publicly available county-level COVID-
19 data reported by the CDC and state health departments. 
Cumulative county-level rates of COVID-19 cases and deaths 
through 31 August 2020 were expressed per 100  000 county 
residents.
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Exposure Data

County-level environmental, sociodemographic, economic, 
and health status characteristics hypothesized to be associated 
with transmission or mortality of COVID-19 were obtained 
from several publicly available databases maintained by the US 
government or private institutions. These data were collated 
and then combined with Johns Hopkins county-level COVID-
19 data to form the analysis database. Environmental factors 
included population density, urbanicity, residential crowding 
(housing with >1 person per room [20]), and air pollution (par-
ticles per million [PPM]). Sociodemographic and economic 
variables included gender, age, race/ethnicity, a residential 
housing segregation index (0–100 scale, with 100 being most 
segregated counties between Whites and non-Whites [21]), 
high school education status, unemployment status, state-
adjusted median household income, and income inequality 
(ratio of household incomes at the 80th vs the 20th percentile 
[22]). Health status–related variables included prevalence of di-
abetes, obesity, smoking, and, as a potential indicator of risky 
close-contact behavior, rates of sexually transmitted infections 
(STIs) [23]. Finally, as a proxy for adherence to stay-at-home or-
ders and recommendations to minimize travel [24], we obtained 
Google community mobility reports that describe percent 
change in county-level travel to nonresidential locations during 
the pandemic compared with a prepandemic baseline period 
[25]. The baseline period was defined as the median value from 
the 5-week period between 3 January 2020 and 6 February 2020 
[25]. A list of all exposure variables, including definitions and 
data sources, is provided in Supplementary Table 1.

Statistical Analyses

County-level characteristics were summarized with descrip-
tive statistics. Missing county-level characteristics (in <1% 
of the US population) were imputed using state-level values 
(Supplementary Table 1). Google mobility data, when missing 
from the least-populous counties due to privacy concerns, were 
not imputed (Supplementary Table 1). Using the menbreg com-
mand in Stata version 14.0 (StataCorp LLC, College Station, 
TX), we fit negative binomial mixed-effects regression models 
(which allow for overdispersion) [26] to estimate county-level 
predictors of cumulative rates of COVID-19 cases and deaths. 
To estimate rates, we modeled cumulative cases and deaths 
by county, controlling for county population size as an inde-
pendent variable. For all models, we included state (n = 51;  
50 states and the District of Columbia) as a group-level random 
intercept to account for potential correlation in counties within 
the same state (eg, state-level testing practices, lockdown meas-
ures, and other health-related, social, and cultural differences). 
Because exposure variables were likely to independently pre-
dict COVID-19 rates and confound the relationship between 
one another, we constructed univariate and multivariable 
models. If a large change in point estimates occurred between 

univariate and multivariable models, we constructed stepwise 
parsimonious models to understand which covariates were key 
confounders. We assessed multicollinearity using variance in-
flation factors (VIFs) to ensure multivariable models were not 
overfitted.

RESULTS

County Characteristics

Between 22 January 2020 and 31 August 2020, the numbers 
of laboratory-confirmed COVID-19 cases and deaths in the 
United States were 5 916 357 and 180 886, respectively. Cases 
across 3142 US counties ranged from 0 to 241  768, with Los 
Angeles County, California, having the most (4% of all US 
cases). Only 41 of 3142 (1%) counties reported no cases. No 
deaths were reported in 686 of 3142 counties (22%); however, 
these counties made up only 3% of the US population. The most 
deaths, 7290, occurred in Kings County, New York. Table  1 
summarizes county characteristics. Google mobility data were 
not available for 309 of 3142 (10%) counties, which accounted 
for <1% of the US population.

Rates of COVID-19 Cases

County-level rates of COVID-19 cases ranged from 0 to 14 338 
per 100  000 persons, with mean = 1422 (95% confidence in-
terval [CI] = 1377–1466) and median = 1059 with interquartile 
range (IQR) = 568–1897 (Table 1). The highest COVID-19 rate 
occurred in Trousdale County, Tennessee, driven by an out-
break of >1300 cases at a prison [27]. Overall, 33 of 51 (65%) 
and 44 of 51 (86%) states had ≥1 county in the top decile and 
quartile of rates, respectively. Supplementary Table 2 compares 
county characteristics by quartiles of COVID-19 rates.

In univariate results, counties with higher proportions/rates 
of population density, urbanicity, crowded housing, air pollu-
tion, females, persons aged 30–49  years, racial/ethnic minor-
ities, residential housing segregation, adults without a high 
school degree, obesity, STIs, and travel outside the home during 
the pandemic had higher rates of COVID-19 cases (all P < .05; 
Table 2). Counties with higher proportions of adults aged 50–64 
and ≥80 years, diabetes, and who had higher household income 
had lower rates at the univariate level. Multivariable models 
(n = 2833 when restricted to counties with Google mobility 
data; 51 states) that adjusted for all exposure variables simulta-
neously revealed generally similar trends to univariate results; 
however, the magnitude of some variables (ie, population den-
sity, crowded housing) was reduced in multivariable models 
(Table  2; Supplementary Table 3). Additionally, while signifi-
cant in univariate results, in the multivariable model, the fol-
lowing were no longer related to COVID-19 rates and seemed 
to be explained by other factors in the model: Asian race, age 
groups 50–64 and ≥80  years, high school education, obesity, 
and STI rates (Table 2). Supplementary Table 3 shows stepwise 
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modeling for independent variables with large changes in the 
point estimate between univariate and fully adjusted models (ie, 
population density, crowded housing, and Asian race) to elu-
cidate which other covariates were key confounding factors in 
these instances.

The strongest predictors of COVID-19 rates in the 
multivariable model were higher proportions of persons aged 
30–49 years (incidence rate ratio [IRR] = 3.17; 95% CI = 2.48–
4.05 for each 10% increase) and persons aged 20–29  years 
(IRR = 2.18; 95% CI = 1.76–2.70 for 10% increase) vs persons 

Table 1. Summary of County-Level Characteristics Across 3142 US Counties

County-level Characteristic Mean (Standard Deviation) Median (Interquartile Range) Min. Max.

Outcome variables (22 January 2020–31 August 2020)     

 Laboratory-confirmed COVID-19 cases 1883.0 (8111.5) 295.0 (83.0 to 968.0) 0 241 768

 Rate of laboratory-confirmed COVID-19 cases 1421.7 (1277.1) 1058.9 (567.6 to 1896.9) 0 14 339

 Laboratory-confirmed COVID-19 deaths 57.6 (310.0) 5.0 (1.0 to 22.0) 0 7290

 Rate of laboratory-confirmed COVID-19 deaths 33.5 (46.7) 17.2 (3.5 to 44.0) 0 461

Environmental exposure variables     

 Population size 104 468 (333 457) 25 726 (10 901 to 68 098) 86 10 039 107

 Population density (persons per square mile of land) 272.7 (1785.8) 44.8 (16.5 to 118.6) 0 71 341

 Percent urbana 41.3 (31.5) 40.5 (11.5 to 66.6) 0 100

 Percent living in crowded housing (>1 person per room [20]) 2.4 (2.4) 1.9 (1.2 to 2.9) 0 52

 Air pollution (parts per million)b 8.9 (2.1) 9.3 (7.6 to 10.4) 0 20

Sociodemographic and economic exposure variables     

 Percent female 49.9 (2.3) 50.3 (49.4 to 51.0) 27 57

 Percent aged 0–19 years 24.4 (3.6) 24.4 (22.3 to 26.3) 0 45

 Percent aged 20–29 years 12.2 (3.1) 11.7 (10.4 to 13.0) 0 37

 Percent aged 30–49 years 23.3 (2.7) 23.2 (21.7 to 24.7) 12 38

 Percent aged 50–64 years 20.3 (2.4) 20.5 (19.1 to 21.8) 7 31

 Percent aged 65–79 years 14.9 (3.6) 14.6 (12.8 to 16.7) 3 46

 Percent aged ≥80 years 4.8 (1.6) 4.6 (3.8 to 5.6) 0 24

 Percent White 76.0 (20.2) 83.4 (64.3 to 92.3) 3 98

 Percent Black 9.0 (14.3) 2.2 (0.7 to 10.2) 0 85

 Percent Asian 1.6 (3.0) 0.7 (0.5 to 1.4) 0 43

 Percent other race 2.5 (7.8) 0.7 (0.4 to 1.5) 0 93

 Percent Hispanic 9.7 (13.8) 4.4 (2.4 to 10.0) 1 96

 Residential housing segregation scale (0–100, with 100 being 
most segregated between Whites and non-Whites [21])c

32.4 (13.4) 32.0 (23.3 to 41.6) 0 90

 Percent without high school degreed 11.4 (7.1) 10.3 (6.4 to 15.0) 0 74

 Percent unemployed 4.0 (1.5) 3.7 (3.0 to 4.6) 1 19

 Median household income (in 2019 dollars)e 52 794 (13 880) 50 568 (43 681 to 58 848) 25 385 140 382

 Percentage of median state household incomee 89.4 (20.1) 86.9 (76.2 to 99.2) 44 264

 Income inequality ratio (comparing 80th percentile of house-
hold income vs 20th percentile [22]) f

4.5 (0.8) 4.4 (4.0 to 4.9) 3 12

 Percent uninsuredg 13.6 (6.2) 12.5 (8.6 to 17.4) 3 42

Health status to related variables     

 Percent with diabetes 12.1 (4.1) 11.6 (9.2 to 14.5) 2 34

 Percent obese 32.9 (5.5) 33.1 (29.2 to 36.5) 12 58

 Percent current smokers 17.5 (3.6) 17.0 (14.9 to 19.7) 6 41

 Rate of sexually transmitted infections per 1000 personsh 4.1 (2.8) 3.4 (2.3 to 5.0) 0 61

Travel outside the home during pandemici     

 Percent change in travel outside the home during the pan-
demic compared with prepandemic baseline

–12.3 (10.4) –11.9 (–18.6 to –6.1) –67 43

Abbreviation: COVID-19, coronavirus disease 2019. 
aUrbanicity was missing for 7 counties (<1% of US population), which were imputed using state-level values.
bAir pollution was missing for 34 counties (<1% of US population), which were imputed using state-level values.
cResidential housing segregation scale was missing for 351 counties (<1% of US population), which were imputed using state-level values.
dHigh school education status was missing for 96 counties (<1% of US population), which were imputed using state-level values.
eAnnual household income was missing for 1 county (<1% of US population), which was imputed using state-level values.
fIncome inequality was missing for 2 counties (<1% of US population), which were imputed using state-level values.
gHealth insurance status was missing for 1 county (<1% of US population), which was imputed using state-level values.
hSexually transmitted infection rate was missing for 152 counties (<1% of US population), which were imputed using state-level values.
in = 2833. Google mobility data were not available for 309 of 3142 (10%) counties (due to privacy concerns in less-populous counties), which accounted for <1% of the US population. These 
missing values were not imputed.

Table 2. County-level Characteristics Associated With Rates of Laboratory-Confirmed Coronavirus Disease 2019 Cases and Deaths Through 31 August 
2020 in Univariate and Multivariable-Adjusted Mixed-Effects Negative Binomial Regression Models

 Univariate Model (n = 3142) Multivariable, Final Model (n = 2833)a

Cases Deaths Cases Deaths

County-level Characteristic IRR 95% CI IRR 95% CI IRR 95% CI IRR 95% CI

Environmental         

 Highest quartile of population density (vs lowest 75%) 3.61 3.23–4.04 3.42 3.00–3.90 1.51 1.38–1.64 1.46 1.29–1.65

 10% increase in proportion living in urban areab 1.38 1.36–1.40 1.35 1.33–1.37 1.11 1.09–1.13 1.12 1.09–1.15

10% increase in proportion living in crowded housing (>1 person per 
room [20])

4.26 3.24–5.59 4.16 3.07–5.63 1.57 1.24–2.00 1.73 1.23–2.45

 1 part per million increase in air pollutionc 1.52 1.46–1.58 1.60 1.53–1.68 1.24 1.21–1.28 1.31 1.26–1.37

Sociodemographic and economic         

 10% increase in proportion female 1.43 1.19–1.72 2.72 2.20–3.35 1.59 1.31–1.93 2.73 2.06–3.62

 10% increase in proportion aged 20–29 years 0.95 .76–1.19 0.76 .57–1.02 2.18 1.76–2.70 2.09 1.53–2.86

 10% increase in proportion aged 30–49 years 1.63 1.25–2.12 1.09 .78–1.52 3.17 2.48–4.05 3.47 2.42–4.97

 10% increase in proportion aged 50–64 years 0.18 .14–.25 0.22 .15–.33 1.05 .82–1.36 1.65 1.13–2.40

 10% increase in proportion aged 65–79 years 1.17 .93–1.46 0.90 .67–1.22 1.70 1.39–2.08 1.69 1.24–2.29

 10% increase in proportion aged ≥80 years 0.04 .02–.06 0.08 .04–.15 0.74 .47–1.16 2.12 1.07–4.23

 10% increase in proportion Black 1.15 1.10–1.20 1.20 1.15–1.26 1.09 1.05–1.13 1.16 1.10–1.22

 10% increase in proportion Asian 3.92 2.88–5.33 2.74 1.97–3.81 1.09 .94–1.26 1.21 .98–1.50

10% increase in proportion Native American or Hawaiian/Other Pacific 
Islander

1.08 1.01–1.14 1.22 1.13–1.32 1.07 1.00–1.14 1.28 1.15–1.41

 10% increase in proportion Hispanic 1.33 1.27–1.39 1.27 1.21–1.34 1.17 1.12–1.23 1.24 1.16–1.31

10-unit increase in residential housing segregation scale (0–100, with 
100 being most segregated between Whites and non-Whites [21])d

1.07 1.03–1.11 1.15 1.10–1.20 1.10 1.07–1.13 1.11 1.08–1.15

 10% increase in proportion without a high school degreee 1.45 1.34–1.57 1.50 1.37–1.66 1.03 .98–1.09 1.03 .95–1.11

 10% increase in proportion unemployed 0.76 .56–1.03 1.84 1.27–2.69 1.11 .84–1.47 1.48 .98–2.22

 10% increase in state-adjusted household incomef 1.14 1.11–1.16 1.08 1.05–1.10 1.11 1.08–1.14 1.10 1.05–1.14

1-unit increase in income inequality ratio (comparing 80th percentile of 
household income vs 20th percentile [22])g

1.04 .98–1.11 1.20 1.12–1.30 1.10 1.05–1.16 1.15 1.06–1.24

 10% increase in proportion without health insuranceh 1.11 .99–1.25 1.18 1.03–1.36 1.70 1.49–1.94 1.48 1.22–1.78

Health-status related         

 10% increase in prevalence of diabetes 0.71 .63–.80 0.89 .77–1.03 1.12 1.03–1.22 1.13 .99–1.29

 10% increase in prevalence of obesity 1.18 1.08–1.29 1.36 1.23–1.51 1.04 .97–1.12 1.11 1.00–1.22

 10% increase in prevalence of current smoking 1.19 1.00–1.42 1.47 1.20–1.81 0.79 .64–.97 0.74 .55–1.01

 1 per 1000 increase in rates of sexually transmitted infectionsi 1.17 1.14–1.19 1.18 1.15–1.21 1.02 1.00–1.04 1.01 .98–1.03

Travel outside the home during pandemica         

10% increase in travel outside the home during the pandemic based 
on Google mobility data

1.57 1.51–1.63 1.51 1.44–1.59 1.38 1.34–1.42 1.38 1.32–1.45

Abbreviations: CI, confidence interval; IRR, incidence rate ratio. 
an = 2833. Google mobility data were not available for 309 of 3142 (10%) counties (due to privacy concerns in less-populous counties), which accounted for <1% of the US population. These 
missing values were not imputed and counties with missing Google mobility data were not included in the multivariable, final model.
bUrbanicity was missing for 7 counties (<1% of US population), which were imputed using state-level values.
cAir pollution was missing for 34 counties (<1% of US population), which were imputed using state-level values.
dThe residential housing segregation scale was missing for 351 counties (<1% of US population), which were imputed using state-level values.
eHigh school education status was missing for 96 counties (<1% of US population), which were imputed using state-level values.
fAnnual household income was missing for 1 county (<1% of US population), which was imputed using state-level values.
gIncome inequality was missing for 2 counties (<1% of US population), which were imputed using state-level values.
hHealth insurance status was missing for 1 county (<1% of US population), which was imputed using state-level values.
iSexually transmitted infection rate was missing for 152 counties (<1% of US population), which were imputed using state-level values.
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aged 0–19  years, uninsured (IRR = 1.70; 95% CI = 1.49–1.94 
for 10% increase), women (IRR = 1.59; 95% CI = 1.31–1.93 for 
10% increase), crowded housing (IRR = 1.57; 95% CI = 1.24–
2.00 for 10% increase), population density (IRR = 1.51; 95% 
CI = 1.38–1.64 for highest quartile vs lowest 3 quartiles), and 
travel outside the home during the pandemic (IRR = 1.38; 
95% CI = 1.34–1.42 for 10% increase; Table  2). Additionally, 
for each 1 PPM increase in air pollution or 10% increase in 

county-level urbanicity, income, proportion racial/ethnic mi-
norities, residential housing segregation, income inequality, or 
diabetes, COVID-19 rates were 1.09–1.24 times higher in the 
multivariable model (all P < .05; Table 2).

Rates of COVID-19 Deaths

County-level rates of COVID-19 deaths ranged from 0 to 
461 per 100  000 (Table  1), with the highest rate in Hancock 

Table 2. County-level Characteristics Associated With Rates of Laboratory-Confirmed Coronavirus Disease 2019 Cases and Deaths Through 31 August 
2020 in Univariate and Multivariable-Adjusted Mixed-Effects Negative Binomial Regression Models

 Univariate Model (n = 3142) Multivariable, Final Model (n = 2833)a

Cases Deaths Cases Deaths

County-level Characteristic IRR 95% CI IRR 95% CI IRR 95% CI IRR 95% CI

Environmental         

 Highest quartile of population density (vs lowest 75%) 3.61 3.23–4.04 3.42 3.00–3.90 1.51 1.38–1.64 1.46 1.29–1.65

 10% increase in proportion living in urban areab 1.38 1.36–1.40 1.35 1.33–1.37 1.11 1.09–1.13 1.12 1.09–1.15

10% increase in proportion living in crowded housing (>1 person per 
room [20])

4.26 3.24–5.59 4.16 3.07–5.63 1.57 1.24–2.00 1.73 1.23–2.45

 1 part per million increase in air pollutionc 1.52 1.46–1.58 1.60 1.53–1.68 1.24 1.21–1.28 1.31 1.26–1.37

Sociodemographic and economic         

 10% increase in proportion female 1.43 1.19–1.72 2.72 2.20–3.35 1.59 1.31–1.93 2.73 2.06–3.62

 10% increase in proportion aged 20–29 years 0.95 .76–1.19 0.76 .57–1.02 2.18 1.76–2.70 2.09 1.53–2.86

 10% increase in proportion aged 30–49 years 1.63 1.25–2.12 1.09 .78–1.52 3.17 2.48–4.05 3.47 2.42–4.97

 10% increase in proportion aged 50–64 years 0.18 .14–.25 0.22 .15–.33 1.05 .82–1.36 1.65 1.13–2.40

 10% increase in proportion aged 65–79 years 1.17 .93–1.46 0.90 .67–1.22 1.70 1.39–2.08 1.69 1.24–2.29

 10% increase in proportion aged ≥80 years 0.04 .02–.06 0.08 .04–.15 0.74 .47–1.16 2.12 1.07–4.23

 10% increase in proportion Black 1.15 1.10–1.20 1.20 1.15–1.26 1.09 1.05–1.13 1.16 1.10–1.22

 10% increase in proportion Asian 3.92 2.88–5.33 2.74 1.97–3.81 1.09 .94–1.26 1.21 .98–1.50

10% increase in proportion Native American or Hawaiian/Other Pacific 
Islander

1.08 1.01–1.14 1.22 1.13–1.32 1.07 1.00–1.14 1.28 1.15–1.41

 10% increase in proportion Hispanic 1.33 1.27–1.39 1.27 1.21–1.34 1.17 1.12–1.23 1.24 1.16–1.31

10-unit increase in residential housing segregation scale (0–100, with 
100 being most segregated between Whites and non-Whites [21])d

1.07 1.03–1.11 1.15 1.10–1.20 1.10 1.07–1.13 1.11 1.08–1.15

 10% increase in proportion without a high school degreee 1.45 1.34–1.57 1.50 1.37–1.66 1.03 .98–1.09 1.03 .95–1.11

 10% increase in proportion unemployed 0.76 .56–1.03 1.84 1.27–2.69 1.11 .84–1.47 1.48 .98–2.22

 10% increase in state-adjusted household incomef 1.14 1.11–1.16 1.08 1.05–1.10 1.11 1.08–1.14 1.10 1.05–1.14

1-unit increase in income inequality ratio (comparing 80th percentile of 
household income vs 20th percentile [22])g

1.04 .98–1.11 1.20 1.12–1.30 1.10 1.05–1.16 1.15 1.06–1.24

 10% increase in proportion without health insuranceh 1.11 .99–1.25 1.18 1.03–1.36 1.70 1.49–1.94 1.48 1.22–1.78

Health-status related         

 10% increase in prevalence of diabetes 0.71 .63–.80 0.89 .77–1.03 1.12 1.03–1.22 1.13 .99–1.29

 10% increase in prevalence of obesity 1.18 1.08–1.29 1.36 1.23–1.51 1.04 .97–1.12 1.11 1.00–1.22

 10% increase in prevalence of current smoking 1.19 1.00–1.42 1.47 1.20–1.81 0.79 .64–.97 0.74 .55–1.01

 1 per 1000 increase in rates of sexually transmitted infectionsi 1.17 1.14–1.19 1.18 1.15–1.21 1.02 1.00–1.04 1.01 .98–1.03

Travel outside the home during pandemica         

10% increase in travel outside the home during the pandemic based 
on Google mobility data

1.57 1.51–1.63 1.51 1.44–1.59 1.38 1.34–1.42 1.38 1.32–1.45

Abbreviations: CI, confidence interval; IRR, incidence rate ratio. 
an = 2833. Google mobility data were not available for 309 of 3142 (10%) counties (due to privacy concerns in less-populous counties), which accounted for <1% of the US population. These 
missing values were not imputed and counties with missing Google mobility data were not included in the multivariable, final model.
bUrbanicity was missing for 7 counties (<1% of US population), which were imputed using state-level values.
cAir pollution was missing for 34 counties (<1% of US population), which were imputed using state-level values.
dThe residential housing segregation scale was missing for 351 counties (<1% of US population), which were imputed using state-level values.
eHigh school education status was missing for 96 counties (<1% of US population), which were imputed using state-level values.
fAnnual household income was missing for 1 county (<1% of US population), which was imputed using state-level values.
gIncome inequality was missing for 2 counties (<1% of US population), which were imputed using state-level values.
hHealth insurance status was missing for 1 county (<1% of US population), which was imputed using state-level values.
iSexually transmitted infection rate was missing for 152 counties (<1% of US population), which were imputed using state-level values.
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County, Georgia, driven by nursing home outbreaks in a rural, 
predominately minority, and underserved community [28]. 
Supplementary Table 4 compares county characteristics by 
quartiles of mortality rate.

In univariate results, all county-level variables except di-
abetes prevalence were related to mortality rates (Table  2). 
The final multivariable model of mortality was similar to the 
model that predicted rates of confirmed cases with a notable 
exception. Namely, in addition to higher proportions of adults 
aged 20–29 years (IRR = 2.09; 95% CI = 1.53–2.86 for 10% in-
crease) and 30–49  years (IRR = 3.47; 95% CI = 2.42–4.97 for 
10% increase) being related to higher mortality rates (as with 
rates of confirmed cases), a 10% increase in the proportion of 
adults aged 50–64, 65–79, and ≥80 years (vs 0–19 years), while 
not related to rates of COVID-19 cases, was also associated 
with 1.7–2.1 times higher mortality rates. In addition to age, 
other county-level predictors strongly related to mortality were 
increasing proportions of females (IRR = 2.73; 95% CI = 2.06–
3.62 for 10% increase), crowded housing (IRR = 1.73; 95% 
CI = 1.23–2.45 for 10% increase), uninsured adults (IRR = 1.48; 
95% CI = 1.22–1.78 for 10% increase), higher population den-
sity (IRR = 1.46; 95% CI = 1.29–1.65 for highest quartile vs 
lowest 3 quartiles), and more travel outside the home during the 
pandemic (IRR = 1.38; 95% CI = 1.32–1.45 for 10% increase; 
Table  2; Supplementary Table 3). VIFs for variables included 
in multivariable models (for cases and deaths) were all <3 with 
mean <2, suggesting no evidence of multicollinearity.

DISCUSSION

To our knowledge, this study provides results from the most 
comprehensive multivariable analysis of county-level pre-
dictors of rates of COVID-19 cases and deaths conducted to 
date. Our findings, current through the end of August 2020, 
have significant implications for COVID-19 prevention strat-
egies, including vaccination. While many county-level factors 
were related to COVID-19 rates, there are 2 key takeaways from 
our research.

First, our findings confirm and expand on earlier reports 
[1–12] and preliminary data from the CDC [19] that the pan-
demic has taken a disproportionate toll on minority and other 
vulnerable [29] US populations. Specifically, rates of COVID-
19 cases and deaths were higher in counties with more racial/
ethnic minorities, residential housing segregation, income in-
equality, uninsured persons, air pollution, and adults with di-
abetes. Our findings on this topic, however, are novel in that 
they confirm these disparities exist even after adjustment for 
other potentially confounding factors. For example, even after 
adjustment for mobility during the pandemic, population 
density, urbanicity, crowded housing, age, education, employ-
ment, and health insurance status and for the prevalence of 
diabetes, obesity, and smoking, for every 10% increase in the 

proportion of a US county that was Black or Hispanic, there was 
a corresponding 9% and 17% increase in the rate of COVID-
19 cases and a 16% and 24% increase in mortality, respectively. 
Compounding this, more residential housing segregation and 
income inequality were both independently related to higher 
county-level rates of cases and deaths. These findings confirm 
that there may be larger structural forces behind racial/ethnic 
differences in COVID-19 rates beyond the factors we measured, 
and this warrants continued research.

Recent reports have highlighted that many of the vulner-
able populations we identified as being at increased risk for 
COVID-19 (eg, minorities, uninsured, and those without a 
high school degree) disproportionately serve in “essential” 
pandemic front-line jobs (eg, grocery clerks, food and agricul-
ture jobs, facilities and janitorial workers, and social services) 
[7, 30–32]. These jobs often cannot be done at home, which 
increases workplace exposure to SARS-CoV-2 [5, 6]. Indeed, 
we confirmed that counties with more travel outside the home 
during the pandemic had higher rates of COVID-19 cases and 
deaths. Future studies should evaluate the link between vulner-
able and minority communities and workplace exposure with 
individual-level data, and more studies of occupation-specific 
risks for COVID-19 are needed. In the near term, redirecting 
public health resources (eg, testing, contact tracing, ensuring 
safe working conditions, health promotion and education ef-
forts, and eventually vaccination) to vulnerable and minority 
communities and to communities with a disproportionate 
share of “essential” workers is likely warranted. A  leading ex-
ample includes the Rapid Acceleration of Diagnostics in 
Underserved Populations initiative, launched by the National 
Institutes of Health, that provides support to expand availa-
bility, accessibility, and acceptance of SARS-CoV-2 testing for 
underserved and vulnerable populations [33]. This strategy, in 
addition to mitigating exposure to individuals at highest risk of 
severe disease (eg, frail elderly, nursing homes) [34], may be an 
additional way to help stem the pandemic.

Although our finding that counties with higher state-adjusted 
household incomes had higher rates of COVID-19 cases and 
deaths initially seemed counterintuitive to our other findings 
that highlight vulnerable communities, several potential ex-
planations for this exist. For example, COVID-19 hit coastal 
counties, where incomes are highest, especially hard early on. 
Further, nursing home death rates were also especially high 
among high-income states on the East Coast [35]. Additionally, 
there may be better access to testing (and thus more confirmed 
cases) in areas with higher income [36]. Another possibility is 
that county-level income inequality, rather than income level 
alone, may better predict vulnerable communities, as we found 
that higher county-level income inequality predicted higher 
COVID-19 rates. This is consistent with previous reports that 
showed that even within counties with high median house-
hold incomes, vulnerable pockets of communities with more 

http://academic.oup.com/cid/article-lookup/doi/10.1093/cid/ciaa1729#supplementary-data
http://academic.oup.com/cid/article-lookup/doi/10.1093/cid/ciaa1729#supplementary-data
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economic and social stress and less access to medical care can 
exist and often experience disparate health outcomes [37]. 
This finding ultimately suggests that identification of popula-
tions at increased risk for COVID-19 is multifaceted and that 
a multivariable approach like ours or a multidimensional risk-
score approach (as is being explored by the CDC [19]) will be 
needed to accurately pinpoint areas at high risk of becoming 
COVID-19 hotspots.

Our second major finding was that our study confirms an-
ecdotal reports [38] that efforts to interrupt COVID-19 trans-
mission, including with vaccination when available, may be 
as equally impactful on mortality as is protecting individuals 
at highest risk for severe disease (eg, the elderly and those 
with comorbidities [39, 40]). Specifically, we identified sev-
eral county-level factors (eg, population density, urbanicity, 
crowded housing, and mobility outside of the home during the 
pandemic) that independently predicted county-level COVID-
19 mortality rates, despite not being related to COVID-19 case 
fatality or the development of severe disease [39, 40]. One in-
terpretation is that COVID-19 has hit hardest in communities 
where adhering to social distancing guidelines may be more dif-
ficult due to high population density, an urban setting (with po-
tentially more reliance on public transit and multiunit housing), 
or crowded living arrangements (eg, multigenerational families 
[41]). These readily available metrics could be used to prioritize 
early vaccination efforts when the number of doses may be lim-
ited. Moreover, while it was perhaps not surprising that coun-
ties with more persons aged 20–49 years seemed to have higher 
rates of COVID-19 illness (given presumably more exposure 
or a perceived lower risk for severe disease and thus taking 
social distancing guidelines less seriously), it was unexpected 
that higher proportions of persons aged 20–49 years also pre-
dicted higher county-level mortality rates. Because individual-
level case fatality rates are markedly lower in this age group 
[42], this finding suggests that adults aged <50 years are likely 
driving transmission (and thus indirectly impacting county-
level mortality rates). Similarly, although individual-level re-
ports have previously identified men as being at increased risk 
of developing severe COVID-19 [43], we unexpectedly found 
that counties with more women had higher rates of COVID-19 
cases and deaths. Future studies should also explore the role of 
women in driving transmission (eg, disproportionately working 
in healthcare or other “essential” jobs [30] or caring for children 
or other family members during the pandemic). Finally, while 
the proportion of children aged <20  years was not related to 
higher rates of COVID-19, this age group will be returning to 
daycare and school and engaging in more extracurricular activ-
ities over the coming months. Thus, their role in determining 
COVID-19 rates should be continuously monitored to further 
elucidate the role children play in driving community-level di-
sease rates and the impact that interrupting transmission in this 
age group might have [44].

It remains unclear whether communities with higher 
COVID-19 rates to date would again be at highest risk during 
a potential resurgence this fall or winter or if herd immunity 
in these communities is approaching levels needed to mean-
ingfully slow transmission [45, 46]. For example, a recent re-
port suggested that in some hard-hit, vulnerable communities 
in New York City, antibody levels could already be >50% [47]. 
Thus, despite our findings to date, it is also possible that com-
munities with lower rates of COVID-19 until now may be 
more susceptible (because of lower levels of immunity) to fu-
ture waves of COVID-19. However, while it was hypothesized 
that communities first hit hard in the spring during the H1N1 
influenza pandemic would be less likely to experience a sub-
sequent “second wave” during the following influenza season 
(due to higher levels of herd immunity), this was not the case, 
suggesting that elevated spring illness did not protect against 
an autumn resurgence [48]. Thus, continuous monitoring of 
whether the same trends in COVID-19 rates we report here are 
observed throughout the rest of 2020 may be an indication of 
the level of immunity in communities that have been most sus-
ceptible to date.

Our study was ecological, and our findings should be con-
firmed with individual-level data. We did not have county-level 
data about specific social distancing measures such as mask-
wearing; bar, restaurant, and retail closures; and other local-level 
restrictions on large gatherings. However, we included county-
level data that describe mobility during the pandemic, which is 
a proxy for social distancing measures [13]. Another limitation 
is that our data, apart from our outcome variables and Google 
mobility data, were historical. Thus, data about unemploy-
ment and health insurance status, household income, and other 
sociodemographic and environmental factors did not neces-
sarily reflect the situation during the pandemic. Additionally, 
not all exposure data came from the same year. However, we 
obtained the most-recent estimates from all data sources, and 
most of the data that describe county-level characteristics 
were based on estimates from the last 2 years. When modeling 
COVID-19 mortality rates, 22% of counties reported no deaths. 
These counties, however, accounted for only 3% of the US pop-
ulation. Moreover, negative binomial regression models, which 
we used in our analysis, allow for overdispersion (which can re-
sult from excess zeros) and straightforward interpretation and 
have been shown to model count data with zeros as well as other 
zero-inflated Poisson models [49]. Finally, we did not have data 
that described county-level SARS-CoV-2 testing practices. 
Vulnerable communities, which had higher COVID-19 rates in 
our study, have historically had reduced access to healthcare [8] 
and to SARS-CoV-2 testing [36]. Thus, disparities in COVID-
19 rates among vulnerable and minority communities could 
be more pronounced after adjusting for local testing practices. 
Lower testing rates in minority neighborhoods [36] may also 
explain why we saw more pronounced racial/ethnic differences 
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in mortality compared with rates of confirmed cases. More re-
search about community-specific testing and its impact on dis-
parities in COVID-19 rates is needed.

Our study gives a comprehensive, granular, and contempo-
rary overview of which areas were most affected by COVID-
19 in the United States through the summer of 2020. While 
the outbreak has now spread across the entire country at a 
macro level without a great deal of discrimination, microlevel 
county-by-county disparities in how the pandemic spread 
were more pronounced. A  vaccine is likely the only alter-
native to balancing restrictive measures, such as forced 
lockdowns and closures to protect vulnerable and minority 
populations who have been disproportionately impacted by 
the COVID-19 pandemic to date, and the dire economic con-
sequences these measures often bring to the same working 
class communities. Our findings make clear that ensuring 
that COVID-19 preventive measures, including vaccines 
when available, reach vulnerable and minority communities 
and are distributed in a manner that meaningfully disrupts 
transmission (in addition to protecting those at highest risk 
of severe disease) will likely be critical to stem the pandemic. 
Historically speaking [38, 50, 51], this too will be a formi-
dable public health challenge.
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