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A B S T R A C T   

COVID-19 has become a nationwide public health crisis in the United States and the number of COVID-19 cases is 
different by U.S. counties. Also, previous studies have reported that neighborhood contexts have an influence on 
health outcomes. Therefore, the objective of this study was to examine the association between neighborhood 
contexts and cumulative number of confirmed COVID-19 cases (per 100,000) in U.S. counties. Cumulative 
number of COVID-19 cases gained from USA FACTS and variables related to neighborhood contexts gained from 
the 2018 5-Year American Community Survey at the county level. Data were analyzed using spatial autore-
gressive models. According to the present results, firstly, larger population, high poverty rate, higher % of 
bachelor’s degree, higher % of no health insurance, higher employment rate, higher % of manufacturing jobs, 
higher % of primary industry jobs, higher % of commute by drove alone, higher % of foreign born, higher % of 
Hispanic, and higher % of Black are positively associated with higher cumulative number of COVID-19 cases. 
Secondly, higher income, higher % of cash assistance recipient, higher % of SNAP recipient, higher unemploy-
ment rate, higher % of commute by walked, higher % of Asian, and higher % of senior citizen are negatively 
associated with higher cumulative number of COVID-19 cases. In conclusion, there exist geographical differences 
in cumulative number of COVID-19 cases in U.S. counties, which is influenced by various neighborhood contexts. 
Hence, these findings emphasize the need to take various neighborhood contexts into account when planning 
COVID-19 prevention.   

1. Introduction 

Coronavirus disease 2019 (COVID-19) is a highly contagious respi-
ratory disease, which is caused by severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2) (CDC 2020a). The COVID-19 virus is more 
infectious than other corona viruses such as SARS and MERS even 
though it is less severe (CDC, 2020a). The COVID-19 virus is a person to 
person transmitted disease that spreads mainly through respiratory 
droplet and saliva of infected people (CDC, 2020b). The United States 
have one of the most cumulative confirmed cases of COVID-19 in the 
world. Cumulative confirmed COVID-19 case totals for the United States 
was 8,202,847 through October 20, 2020 (USA FACTS, 2020). Although 
COVID-19 virus has spread across the United States, the number of 
COVID-19 cases is different by counties (USA FACTS, 2020). Neigh-
borhood contexts and regional characteristics might lead to 

geographical difference in the number of COVID-19 cases. 
Previous studies have reported that poor neighborhood contexts 

particularly those characterized by disadvantaged socioeconomic status 
are associated with increased body mass index and mortality (Andersen 
et al., 2018; Frank et al., 2006; Wong et al., 2018). Also, residential 
segregation has a negative effect on health status among ethnic minor-
ities (Greer et al., 2011; White and Borrell, 2011). This is guided by the 
social cognitive model of reciprocal determinism which suggests that 
environmental factors have an influence on individuals, groups, and 
their behaviors (Glanz et al., 2008). It means that geographical differ-
ences in health behavior caused by various environmental factors could 
cause dissimilar health outcomes in accordance with geographical areas. 
In this regard, some research studies have reported that the neighbor-
hood context in which people live is associated with different health 
outcomes (Bleich et al., 2010; Gaskin et al., 2009; LaVeist et al., 2008; 

* Corresponding author at: Utah State University, Department of Sociology, Social Work, and Anthropology, 0730 Old Main Hill Logan, UT 84322-0730, United 
States of America. 

E-mail address: baksun777@gmail.com.  

Contents lists available at ScienceDirect 

Preventive Medicine 

journal homepage: www.elsevier.com/locate/ypmed 

https://doi.org/10.1016/j.ypmed.2021.106457 
Received 16 November 2020; Received in revised form 5 January 2021; Accepted 11 February 2021   

mailto:baksun777@gmail.com
www.sciencedirect.com/science/journal/00917435
https://www.elsevier.com/locate/ypmed
https://doi.org/10.1016/j.ypmed.2021.106457
https://doi.org/10.1016/j.ypmed.2021.106457
https://doi.org/10.1016/j.ypmed.2021.106457
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ypmed.2021.106457&domain=pdf


Preventive Medicine 147 (2021) 106457

2

LaViest et al., 2009; Thorpe et al., 2013). 
Moreover, previous research studies have reported that poor neigh-

borhood contexts particularly those characterized by social vulnera-
bility, minorities, and low socioeconomic status are associated with 
increased risk of COVID-19 (Khazanchi et al., 2020; van Holm et al., 
2020; Yancy, 2020). However, these studies are based on the initial 
outbreak of COVID-19 that may underestimate cases of COVID-19 in 
some counties. In addition, these studies did not deal with occupational 
variables. Neighborhood contexts are classified by occupational 
composition (Clarke et al., 2013) that a certain type of occupational 
variable can lead to higher number of COVID-19 cases. Also, other 
related studies have focused mainly on the concepts and techniques of 
GIS (Mollalo et al., 2020; Sun et al., 2020). More research is needed, 
therefore, to reexamine the association between various neighborhood 
contexts including occupational variables and the number of COVID-19 
cases from public health and social perspectives. Thus, the objective of 
this study was to examine the association between neighborhood con-
texts and cumulative number of confirmed COVID-19 cases (per 
100,000) in 3136 U.S. counties through October 20, 2020. 

2. Methods 

2.1. Data 

This study is designed to analyze cumulative number of confirmed 
COVID-19 cases as on time period with pre-existing cross-sectional 
neighborhood contexts in the United States. 

To analyze how neighborhood contexts influence the number of 
confirmed COVID-19 cases, firstly, the number of confirmed COVID-19 
cases in the United States gained from USA FACTS (USA FACTS, 
2020). A dependent variable is cumulative number of confirmed COVID- 
19 cases at the county level in the United States. USA FACTS publishes 
data each day, so, I used cumulative number of confirmed COVID-19 
cases through October 20, 2020. A dependent variable transformed to 
per capita figure (per 100,000 residents) because the number of 
confirmed COVID-19 cases is greatly influenced by the number of resi-
dents in a county level. Cumulative cases are mapped as shown in Fig. 2 
and cumulative cases per capita are mapped as shown in Fig. 3. The 
highest number of COVID-19 cases is concentrated in the urbanized 
counties in Fig. 2 whereas the highest number of COVID-19 cases per 
capita is concentrated in rural counties such as Southeastern California, 
Southwestern Arizona, Inland Northwest (Eastern Washington, Eastern 
Oregon, Montana), North Dakota, South Dakota, Eastern Iowa, Indian 
Reservation (Northeastern Arizona, Southeastern Utah, and North-
western New Mexico), Western Kansas, Western Texas, Southern Texas, 
Northeastern Wisconsin, and South (Louisiana, Mississippi, Alabama, 
Georgia, South Carolina, Tennessee, and Florida) in Fig. 3. 

Secondly, variables related to neighborhood contexts gained from 
the 2018 5-Year American Community Survey at the county level 
(American Community Survey (ACS), 2020). These variables are cate-
gorized into seven aspects based on dataset such as population, socio-
economic status (median household income, % of poverty, % of 
bachelor’s degree, % of no health insurance, % of cash assistance 
recipient, % of SNAP recipient, % of unemployment, % of employment), 
occupations (% of manufacturing, % of service, % of agriculture, 
forestry, fishing, hunting, and mining, and % of armed forces), Types of 
commute (public transportation, drove alone, and walked), minorities 
(% of foreign born, % of Asian, % of Hispanic, and % of Black), % of 
senior citizen (over 65), and % of male. This study did not require 
approval from the institutional review board because the datasets are 
secondary data that does not include personal information. 

2.2. Data analysis 

Ordinary least squares (OLS) regression model is vulnerable to bias 
caused by potential spatial autocorrelation because it presupposes that 

all variables are independent which ignores potential spatial de-
pendencies (Anselin, 1988; Conway et al., 2010). According to the pri-
mary law of geography, even though every spatial unit is linked to 
everything else, spatial units near to each other are more strongly linked 
(Anselin, 1988). To control potential bias related to spatial autocorre-
lation, therefore, spatial autoregressive models were used to analyze the 
association between neighborhood contexts and cumulative number of 
COVID-19 cases. 

Firstly, the spatial lag model demonstrates that result in one spatial 
unit is linked to result in another spatial unit (Liu, 2020). The main 
function of this model is to remedy for spatial dependence by adopting a 
term for the impact of the spatially lagged Y on Y (Anselin et al., 1996; 
Conway et al., 2010). It means that the result variable in location a is 
affected by neighboring location b (Anselin et al., 1996; Conway et al., 
2010). It can be summarized as follows: 

Y = ρWY+Xβ+ ε  

Y: dependent variable.ρ: lag coefficient.W: spatial weight matrix.β: co-
efficient for a vector of neighborhood contexts.ε: error term. 

Secondly, the spatial error model demonstrates that unobserved 
factors in one spatial unit are linked to unobserved factor in another 
spatial unit (Liu, 2020). It means that the error term in location a is 
affected by neighboring location b (Anselin et al., 1996; Conway et al., 
2010). It can be summarized as follows: 

Y = Xβ+ λWε+ v  

Y: dependent variable.β: coefficient for a vector of neighborhood con-
texts.λ: coefficient.W: spatial weight matrix.ε: residual error matrix.v: 
the normal assumption for the error term. 

All statistical analyses were conducted using STATA (version 15.0, 
StataCorp LLC., College Station, TX). Study methods are summarized in 
sample flow chart (Fig. 1). 

3. Results 

Table 1 shows the descriptive statistics. First, the average poverty 
rate in 3,136 U.S. counties is 11.24%. Second, the average percentage of 
bachelor’s degree in 3,136 U.S. counties is 14.01%. Third, the average 
percentage of no health insurance in 3,136 U.S. counties is 6.27%. 
Fourth, the average percentage of cash assistance recipient in 3,136 U.S. 
counties is 2.32%. Fifth, the average percentage of SNAP recipient in 
3,136 U.S. counties is 13.24%. Sixth, the average unemployment rate in 
3,136 U.S. counties is 3.26%. Seventh, the average employment rate in 
3,136 U.S. counties is 54.92%. Eighth, the average percentage of 
manufacturing occupations in 3,136 U.S. counties is 12.30%. Ninth, the 
average percentage of service occupations in 3,136 U.S. counties is 
18.03%. Tenth, the average percentage of agriculture, forestry, fishing, 
hunting, and mining occupations in 3,136 U.S. counties is 6.66%. 
Eleventh, the average percentage of armed forces in 3,136 U.S. counties 
is 0.29%. Twelfth, the average percentage of commute by public 
transportation in 3,136 U.S. counties is 0.92%. Thirteenth, the average 
percentage of commute by drove alone in 3,136 U.S. counties is 79.67%. 
Fourteenth, the average percentage of commute by walked in 3,136 U.S. 
counties is 1.19%. Fifteenth, the average percentage of foreign born in 
3,136 U.S. counties is 4.72%. Sixteenth, the average percentage of Asian 
in 3,136 U.S. counties is 1.36%. Seventeenth, the average percentage of 
Hispanic in 3,136 U.S. counties is 9.24%. Eighteenth, the average per-
centage of Black in 3136 U.S. counties is 9.08%. Nineteenth, the average 
percentage of senior citizen (over 65) in 3136 U.S. counties is 18.37%. 
Twentieth, the average percentage of male in 3136 U.S. counties is 
50.08%. 

Table 2 shows the results of OLS regression model and spatial 
autoregressive models of neighborhood contexts and cumulative num-
ber of COVID-19 cases. According to Akaike info criterion (OLS: 
5797.872, Spatial Lag: 5559.466, Spatial Error: 4006.928), lower test 
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statistic is the more appropriate model, which suggest utilizing the 
spatial lag model and spatial error model. The results of OLS regression 
model relatively similar to spatial lag model or spatial error model, but it 
produced reverse result at senior citizen (OLS: 0.040*, Spatial Lag: 
− 0.010*, Spatial Error: − 0.023**). 

Unstandardized coefficient from spatial autoregressive models indi-
cated that first, counties with larger population are positively associated 
with higher number of COVID-19 cases in both models (Spatial Lag: B =
0.741, p < 0.001, Spatial Error: B = 0.435, p < 0.01). Second, counties 
with higher median household income are negatively associated with 

Fig. 1. Sample flow chart.  

Fig. 2. Mainland United States map of cumulative number of confirmed cases of COVID-19 by county level through October 20, 2020.  
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higher number of COVID-19 cases in both models (Spatial Lag: B =
− 0.759, p < 0.001, Spatial Error: B = − 0.363, p < 0.01). Third, counties 
with higher poverty rate are positively associated with higher number of 
COVID-19 cases in both models (Spatial Lag: B = 0.038, p < 0.001, 
Spatial Error: B = 0.014, p < 0.001). Fourth, counties with higher per-
centage of bachelor’s degree are positively associated with higher 

number of COVID-19 cases in both models (Spatial Lag: B = 0.008, p <
0.05, Spatial Error: B = 0.009, p < 0.01). Fifth, counties with higher 
percentage of no health insurance are positively associated with higher 
number of COVID-19 cases in both models (Spatial Lag: B = 0.017, p <
0.001, Spatial Error: B = 0.006, p < 0.05). Sixth, counties with higher 
percentage of cash assistance are negatively associated with higher 
number of COVID-19 cases in one model (Spatial Error: B = − 0.014, p <
0.05). Seventh, counties with higher percentage of SNAP recipients are 
negatively associated with higher number of COVID-19 cases in one 
model (Spatial Lag: B = − 0.011, p < 0.01). Eighth, counties with higher 
unemployment rate are negatively associated with higher number of 
COVID-19 cases in one model (Spatial Lag: B = − 0.040, p < 0.001). 
Ninth, counties with higher employment rate are positively associated 
with higher number of COVID-19 cases in one model (Spatial Lag: B =
0.014, p < 0.001). Tenth, counties with higher percentage of 
manufacturing occupations are positively associated with higher num-
ber of COVID-19 cases in both models (Spatial Lag: B = 0.012, p < 0.001, 
Spatial Error: B = 0.010, p < 0.001). Eleventh, counties with higher 
percentage of agriculture, forestry, fishing, hunting, and mining occu-
pations are positively associated with higher number of COVID-19 cases 
in one model (Spatial Lag: B = 0.008, p < 0.01). Twelfth, counties with 
higher percentage of commute by drove alone are positively associated 
with higher number of COVID-19 cases in one model (Spatial Lag: B =
0.009, p < 0.001). Thirteenth, counties with higher percentage of 
commute by walked are negatively associated with higher number of 
COVID-19 cases in both models (Spatial Lag: B = − 0.043, p < 0.001, 
Spatial Error: B = − 0.023, p < 0.01). Fourteenth, counties with higher 
percentage of foreign born are positively associated with higher number 
of COVID-19 cases in both models (Spatial Lag: B = 0.023, p < 0.001, 
Spatial Error: B = 0.013, p < 0.01). Fifteenth, counties with higher 
percentage of Asian are negatively associated with higher number of 
COVID-19 cases in both models (Spatial Lag: B = − 0.039, p < 0.001, 

Fig. 3. Mainland United States map of cumulative number of confirmed cases of COVID-19 (per 100,000) by county level through October 20, 2020.  

Table 1 
Descriptive statistics (n = 3136).  

Variables Mean SD Min Max 

Confirmed cases of COVID-19 per 
100,000(logged) 

7.569 ±0.737 3.882 9.810 

Population(logged) 10.278 ±1.479 5.429 16.128 
Median household income(logged) 9.322 ±1.462 4.511 15.011 
% of poverty 11.242 ±5.654 0 52.1 
% of Bachelor’s degree 14.007 ±5.628 2.2 48 
% of no health insurance 6.268 ±4.962 0 52.5 
% of cash assistance recipient 2.323 ±1.695 0 29 
% of SNAP recipient 13.235 ±6.519 0 59.9 
% of unemployment 3.260 ±1.457 0 16.5 
% of employment 54.915 ±8.348 12.8 79.8 
% of manufacturing occupations 12.302 ±7.171 0 51.7 
% of service occupations 18.031 ±3.629 5.9 43.6 
% of agriculture, forestry, fishing, 

hunting, and mining occupations 
6.661 ±7.293 0 60.5 

% of armed forces 0.285 ±1.563 0 52 
% of commute by public transportation 0.917 ±3.077 0 61.4 
% of commute by drove alone 79.671 ±7.591 4.9 96.3 
% of commute by walked 1.186 ±1.539 0.1 43.6 
% of foreign born 4.720 ±5.706 0 53.3 
% of Asian 1.364 ±2.774 0 42.5 
% of Hispanic 9.242 ±13.756 0 99.1 
% of black 9.075 ±14.540 0 87.4 
% of over 65 18.370 ±4.546 3.8 55.6 
% of male 50.083 ±2.368 42.1 79  
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Spatial Error: B = − 0.045, p < 0.001). Sixteenth, counties with higher 
percentage of Hispanic are positively associated with higher number of 
COVID-19 cases in one model (Spatial Error: B = 0.009, p < 0.001). 
Seventeenth, counties with higher percentage of Black are positively 
associated with higher number of COVID-19 cases in both models 
(Spatial Lag: B = 0.013, p < 0.001, Spatial Error: B = 0.009, p < 0.001). 
Eighteenth, counties with higher percentage of senior citizen (over 65) 
are negatively associated with higher number of COVID-19 cases in both 
models (Spatial Lag: B = − 0.010, p < 0.05, Spatial Error: B = − 0.023, p 
< 0.001). 

4. Discussion 

This study observed firstly that there is a positive association be-
tween larger population and higher cumulative number of COVID-19 
cases. Even though this study used per capita figure (per 100,000 resi-
dents) to minimize the impact of the number of residents in a county 
level on dependent variable, population size still maintains significance. 

This study observed secondly that low socioeconomic status vari-
ables particularly those characterized by lower median household in-
come, higher poverty rate, and higher percent of no health insurance are 
positively associated with higher cumulative number of COVID-19 
cases. This finding is similar to those reported in previous studies 
(Khazanchi et al., 2020; van Holm et al., 2020; Yancy, 2020). However, 
other related variables such as higher percentage of cash assistance 
recipient, higher percentage of SNAP recipient, and higher unemploy-
ment rate are negatively associated with higher cumulative number of 
COVID-19 cases. Cash assistance benefit and SNAP benefit are closely 
associated with high unemployment rate (O’Leary, 2020). On the other 
hand, counties with higher employment rate and higher percentage of 
bachelor’s degree are positively associated with higher cumulative 
number of COVID-19 cases. There is a positive association between 
bachelor’s degree and higher employment rate because people with 
bachelor’s degree are more likely to be employed than those who 
without bachelor’s degree (NCES, 2020). The COVID-19 outbreak is 
related to social activities such as work life because the COVID-19 virus 
is a person to person transmitted disease that spreads mainly through 
respiratory droplet and saliva of infected people (CDC, 2020b). For this 
reason, counties with higher employment rate seem to be more 
vulnerable to the COVID-19 outbreak. Therefore, public health author-
ities need to increase their efforts to prevent workplace exposures to 
COVID-19. 

This study observed thirdly that counties with higher percentage of 
manufacturing occupations or primary industry are positively associated 
with higher cumulative number of COVID-19 cases. The manufacturing 
work environment particularly those characterized by bustling plant 
and numerous workers where workers have close touch with colleagues 
and supervisors may result in mass COVID-19 cases (CDC, 2020c). In 
terms of primary industry, it would be related to per capita cases (per 
100,000). As shown in Fig. 3, the highest number of COVID-19 cases per 
capita is concentrated in rural counties such as Southeastern California, 
Southwestern Arizona, Inland Northwest (Eastern Washington, Eastern 
Oregon, Montana), North Dakota, South Dakota, Eastern Iowa, Indian 
Reservation (Northeastern Arizona, Southeastern Utah, and North-
western New Mexico), Western Kansas, Western Texas, Southern Texas, 
Northeastern Wisconsin, and South (Louisiana, Mississippi, Alabama, 
Georgia, South Carolina, Tennessee, and Florida) which means that rural 
counties are also vulnerable to COVID-19. 

This study observed fourthly that commute by drove alone is posi-
tively associated with higher cumulative number of COVID-19 cases. On 
the other hand, there is a negative association between commute by 
walked and higher cumulative number of COVID-19 cases. A previous 
study has reported that longer commute leads to spread of COVID-19 
virus because long-distance commuters (commute by drove alone) are 
more likely to spread COVID-19 virus from one county to another county 
than short-distance commuters (commute by walked) (van Holm et al., 
2020). 

This study observed fifthly that counties with higher percentage of 
immigrants or ethnic minorities (Hispanic and Black) are positively 
associated with higher cumulative number of COVID-19 cases. Resi-
dential segregation has a negative effect on health outcomes for ethnic 
minorities in the United States (Greer et al., 2011; White and Borrell, 
2011). In addition, high poverty rate and high working poor rate among 
ethnic minorities might lead to higher number of COVID-19 cases. This 
is because compared to Non-Hispanic white, ethnic minorities have 
higher poverty rate (White: 9.0%, Hispanic: 17.2%, Black: 21.2%, Asian: 
9.7%) Kaiser Family Foundation (KFF), 2020. and higher working poor 

Table 2 
Results from spatial autoregressive models.*, **, ***  

Variables OLS (n =
3136) 

Spatial lag (n 
= 3136) 

Spatial error 
(n = 3136) 

Coef. 
[standard 
error] 

Coef. 
[standard 
error] 

Coef. 
[standard 
error] 

Population(logged) 0.774*** 
[0.181] 

0.741*** 
[0.180] 

0.435** 
[0.139] 

Median household income 
(logged) 

− 0.762*** 
[0.181] 

− 0.759*** 
[0.179] 

− 0.363** 
[0.137] 

% of poverty 0.041*** 
[0.004] 

0.038*** 
[0.004] 

0.014*** 
[0.003] 

% of Bachelor’s degree 0.007 [0.004] 0.008* 
[0.004] 

0.009** 
[0.003] 

% of no health insurance 0.018*** 
[0.003] 

0.017*** 
[0.003] 

0.006* 
[0.003] 

% of cash assistance recipient − 0.021** 
[0.008] 

− 0.014 
[0.008] 

− 0.014* 
[0.006] 

% of SNAP recipient − 0.013** 
[0.004] 

− 0.011** 
[0.004] 

− 0.004 
[0.003] 

% of unemployment − 0.047*** 
[0.011] 

− 0.040*** 
[0.010] 

− 0.014 
[0.008] 

% of employment 0.015*** 
[0.003] 

0.014*** 
[0.003] 

− 0.005 
[0.003] 

% of manufacturing 
occupations 

0.015*** 
[0.002] 

0.012*** 
[0.002] 

0.010*** 
[0.002] 

% of service occupations 0.002 [0.004] 0.004 [0.004] 0.005 [0.003] 
% of agriculture, forestry, 

fishing, hunting, and 
mining occupations 

0.015*** 
[0.003] 

0.008** 
[0.003] 

0.001 [0.002] 

% of armed forces 0.003 [0.008] 0.013 [0.007] − 0.010 
[0.005] 

% of commute by public 
transportation 

0.014** 
[0.005] 

0.009 [0.005] 0.000 [0.005] 

% of commute by drove alone 0.011*** 
[0.002] 

0.009*** 
[0.002] 

0.002 [0.002] 

% of commute by walked − 0.050*** 
[0.010] 

− 0.043*** 
[0.010] 

− 0.023** 
[0.007] 

% of foreign born 0.017*** 
[0.004] 

0.023*** 
[0.004] 

0.013** 
[0.004] 

% of Asian − 0.046*** 
[0.006] 

− 0.039*** 
[0.006] 

− 0.045*** 
[0.005] 

% of Hispanic − 0.002 
[0.001] 

− 0.002 
[0.001] 

0.009*** 
[0.002] 

% of black 0.014*** 
[0.001] 

0.013*** 
[0.001] 

0.009*** 
[0.001] 

% of over 65 0.040* 
[0.014] 

− 0.010* 
[0.005] 

− 0.023*** 
[0.004] 

% of male 0.005 [0.006] 0.004 [0.006] 0.000 [0.005] 
Constant 3.728*** 

[0.504] 
4.037*** 
[0.652] 

6.356*** 
[0.510] 

ρWY  0.109*** 
[0.007]  

λWε   0.892*** 
[0.013] 

-2LOGL  5509.466 3956.928 
Akaike info criterion 5797.872 5559.466 4006.928  

* P < 0.05. 
** P < 0.01. 
*** P < 0.001. 
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rate (White: 3.9%, Hispanic: 7.9%, Black: 7.8%, Asian: 3.2%) (BLS, 
2018). Asian has lower poverty rate and lower working poor rate than 
other ethnic minorities that might lead to lower cumulative number of 
COVID-19 cases among Asian people. 

This study observed sixthly that there is a negative association be-
tween senior citizen (over 65) and higher cumulative number of COVID- 
19 cases. This phenomenon seems to be closely related to social activ-
ities including work life. Generally, senior citizens are less likely to 
engage in social activities than young adults and middle aged that might 
lead to lower cumulative number of COVID-19 cases among senior 
citizens. 

The observations of this study should be considered in light of several 
limitations. Firstly, log transformed dependent variable may conceal the 
real variations of COVID-19 cases among counties. Secondly, this study 
used pre-existing cross-sectional neighborhood contexts in 2018 that 
may not correspond with COVID-19 cases through October 20, 2020. 
Thirdly, the temporal causal relationship between neighborhood con-
texts and cumulative number of COVID-19 cases cannot be determined 
because the study design was cross-sectional. Finally, this study did not 
consider the number of days since the first case in a county. For this 
reason, it was impossible to demonstrate how the number of confirmed 
cases may vary over time. 

5. Conclusion 

Despite the above limitations, this study provides meaningful infor-
mation from a spatial analysis of the effect of neighborhood contexts on 
cumulative number of COVID-19 cases in U.S. counties. In summary, 
there exist geographical differences in cumulative number of COVID-19 
cases in U.S. counties, which is influenced by various neighborhood 
contexts. Larger population, high poverty rate, higher % of bachelor’s 
degree, higher % of no health insurance, higher employment rate, higher 
% of manufacturing jobs, higher % of primary industry jobs, higher % of 
commute by drove alone, higher % of foreign born, higher % of His-
panic, and higher % of Black are positively associated with higher cu-
mulative number of COVID-19 cases. On the other hand, higher income, 
higher % of cash assistance recipient, higher % of SNAP recipient, higher 
unemployment rate, higher % of commute by walked, higher % of Asian, 
and higher % of senior citizen are negatively associated with higher 
cumulative number of COVID-19 cases. In the United States, the total 
economic burden of COVID-19 is about $16 trillion (NBER, 2020). In 
consideration of economic and health implications of COVID-19, effec-
tive COVID-19 prevention measures are needed. Hence, these findings 
emphasize the need to take various neighborhood contexts into account 
when planning COVID-19 prevention. 
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