
Introduction 

Coronavirus disease 2019 (COVID-19) is an extremely infective respiratory ailment, caused by 
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) [1]. The cumulative confirmed 
COVID-19 death for the United States was 242,431 as of November 14, 2020, which is the highest 
in the world [2]. The case fatality rate of COVID-19 in the United States was 2.3%, compared to 
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ABSTRACT

Objectives: Coronavirus disease 2019 (COVID-19) is classified as a natural hazard, and social 
vulnerability describes the susceptibility of social groups to potential damages from natural 
hazards. Therefore, the objective of this study was to examine the association between social 
vulnerability and the cumulative number of confirmed COVID-19 deaths (per 100,000) in 3,141 
United States counties. 
Methods: The cumulative number of COVID-19 deaths was obtained from USA Facts. Variables 
related to social vulnerability were obtained from the Centers for Disease Control and Prevention 
Social Vulnerability Index and the 2018 5-Year American Community Survey. Data were analyzed 
using spatial autoregression models. 
Results: Lowest income and educational level, as well as high proportions of single parent 
households, mobile home residents, and people without health insurance were positively 
associated with a high cumulative number of COVID-19 deaths. 
Conclusion: In conclusion, there are regional differences in the cumulative number of COVID-19 
deaths in United States counties, which are affected by various social vulnerabilities. Hence, 
these findings underscore the need to take social vulnerability into account when planning 
interventions to reduce COVID-19 deaths. 
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the world average of 2.4% as of November 14, 2020 [3]. The 
case fatality rate of COVID-19 (2.3%) is higher than that of 
the seasonal flu (0.1%) in the United States [4]. In addition, 
SARS-CoV-2 is more contagious than other corona viruses 
such as SARS-CoV and Middle East respiratory syndrome 
coronavirus [1] which has led to a public health crisis in the 
United States. 

Social vulnerability is defined as the vulnerability of 
a social group to potential damage from hazards [5,6] and 
the characteristics of a group with regard to its ability to 
cope with the effects of social and natural hazards [7]. Social 
vulnerability is influenced by social, economic, demographic, 
and geographic features, which determine exposure to 
hazards as well as a community’s ability to cope with hazards 
[8]. Measures of social vulnerability include socioeconomic 
status [9–11], disability [12], minority status [13], demographic 
make-up by age [14,15], race and ethnicity [16,17], housing 
status [18,19], family structure [20], social security [21], and 
public health conditions [22,23]. 

Social vulnerability also has a major influence on mortality 
and health outcomes. Specifically, high social vulnerability is a 
predictor of mortality [24]. Public health conditions, including 
access to healthcare are closely related to the health status of 
a population [22]. Poor public health conditions are generally 
linked to other measures of social vulnerability such as low 
socioeconomic status and poor quality of housing [25]. Thus, 
social vulnerability is deep-rooted in social structures that 
lead to an unequal distribution of exposure to hazards and 
create social problems [26]. 

Pandemics, such as the COVID-19 pandemic, are considered 
natural hazards [27], and social vulnerability includes the 
susceptibility of groups to potential damages from natural 
hazards [5,6]. Hence, COVID-19 deaths are likely to vary 
according to levels of social vulnerability. In one study, high 
social vulnerability was positively associated with a higher 
rate of COVID-19 deaths in Chicago, IL, USA [8]. However, little 
is known about the association between social vulnerability 
and COVID-19 deaths across the United States. Therefore, 
the objective of this study was to examine the association 
between social vulnerability and the cumulative number of 
confirmed COVID-19 deaths (per 100,000) in 3,141 counties 
in the United States. 

Materials and Methods 

Data 
This study analyzed the cumulative number of confirmed 
COVID-19 deaths over a fixed time period using pre-existing 
cross-sectional social vulnerability data in counties in the 
United States. First, to analyze the association between 

social vulnerability and COVID-19 deaths, the number of 
confirmed COVID-19 deaths in counties in the United States 
was obtained from USA Facts [2]. At the time of this study, 
USA Facts released data on the cumulative number of 
COVID-19 deaths every day. For this study, the cumulative 
number of confirmed COVID-19 deaths up to November 14, 
2020, was analyzed. The dependent variable (cumulative 
number of confirmed COVID-19 deaths) was changed to a 
per capita figure (deaths per 100,000 residents) to minimize 
the effect of the number of residents in a county on the 
dependent variable. The cumulative number of COVID-19 
deaths (per 100,000) was mapped (Figure 1). The dependent 
variable was log-transformed to reduce skewness. 

Second, variables related to social vulnerability were 
obtained from the Centers for Disease Control and Prevention 
(CDC) Social Vulnerability Index [28] and the 2018 5-Year 
American Community Survey at the county level [29]. Fifteen 
high social vulnerability variables (flags) were obtained from 
the CDC Social Vulnerability Index. Flags are interpreted as 
follows: “tracts in the top 10%, i.e., at the 90th percentile of 
values, are given a value of 1 to indicate high vulnerability 
whereas tracts below the 90th percentile are given a value 
of 0” [28]. Next, the percentage of people without health 
insurance and 2 control variables (population and the 
percentage of male) were obtained at the county level from 
the 2018 5-Year American Community Survey. 

This study did not require approval from the Institutional 
Review Board because the datasets were secondary data 
that did not include personal information.  

Data Analysis 
The ordinary least squares (OLS) regression model assumes 
that all variables are independent, which ignores potential 
spatial dependencies that might lead to bias related to 
potential spatial autocorrelation [30,31]. The fundamental 
law of geography states that spatial units near to each other 
are more strongly related, even though every spatial unit is 
related to everything else [30]. Hence, to control potential 
bias related to spatial autocorrelation, spatial autoregression 
models were applied in the study. This is supported by Table 
1. A low value of the Akaike information criterion (AIC) 
indicates that a model is more appropriate; on this basis, the 
spatial lag and spatial error model were deemed appropriate 
for use (AIC values: OLS, 10,179.03; spatial lag, 9,806.87; spatial 
error, 9,754.02). 

First, the spatial lag model states that “outcome in one 
spatial unit is linked to outcome in another spatial unit” 
[32]. The main purpose of this model is to correct for spatial 
dependence by adopting a term for the effect of the spatially 
lagged Y on Y [31,33]. In other words, the outcome variable 
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Figure 2.
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Figure 1. Mainland United States map of cumulative number of confirmed deaths from coronavirus disease 2019 (per 
100,000 population) by county level through November 14, 2020. 

in location a is affected by its neighboring location [31,33]. It 
can be summarized as follows: 

Y =  ρWY + Xβ + ε 

(1) Y is the dependent variable, (2) ρ is the lag coefficient, (3) 
W is the spatial weight matrix, (4) β is the coefficient for a 
vector of social vulnerability variables, and (5) ε is the error 
term. 

Second, the spatial error model states that “unobserved 
factors in one spatial unit are linked to unobserved factor in 
another spatial unit” [32]. In other words, the error term in 
location a is affected by neighboring location b [31,33]. It can 
be summarized as follows: 

Y =  Xβ + λWε + v 

(1) Y is the dependent variable, (2) β is the coefficient for a 
vector of social vulnerability variables, (3) λ is the coefficient, 
(4) W is the spatial weight matrix, (5) ε is the residual error 
matrix, and (6) v is the normal assumption for the error 
term. 

All Statistical analyses were conducted using STATA ver. 

15.0 (StataCorp., College Station, TX, USA). 

Results 

Tables 2 and 3 shows the descriptive statistics. Counties in 
the 90th percentile or higher with regard to the following 
parameters had higher COVID-19 mortality rates than 
counties below the 90th percentile for the corresponding 
indicator: (1) the percentage of persons in poverty (mean: 
4.292 vs. 3.547 per 100,000 population); (2) the percentage 
of unemployed persons (mean: 4.045 vs. 3.574 per 100,000 
population); (3) per capita income (mean: 4.248 vs. 3.551 per 
100,000 population); (4) the percentage of persons with no 
high school diploma is (mean: 4.279 vs. 3.549 per 100,000 
population); (5) the percentage of persons aged 65 and 
older (mean: 2.917 vs. 3.697 per 100,000 population); (6) the 
percentage of persons aged 17 and younger (mean: 3.810 
vs. 3.600 per 100,000 population); (7) the percentage of 
persons with a disability (mean: 3.467 vs. 3.638 per 100,000 
population); (8) the percentage of single parent households 
(mean: 4.437 vs. 3.532 per 100,000 population); (9) the 
percentage of minorities (mean: 4.329 vs. 3.543 per 100,000 
population); (10) the percentage of those with limited 
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Table 1. Results from regression models

Flags Category OLS  
(n = 3,141)

Spatial lag  
(n = 3,141)

Spatial error  
(n = 3,141)

The percentage of persons in poverty is in 
the 90th percentile.

No Ref Ref Ref
Yes −0.007 (0.104) 0.008 (0.096) 0.051 (0.094)

The percentage of civilian unemployment is 
in the 90th percentile.

No Ref Ref Ref
Yes 0.063 (0.085) 0.049 (0.079) 0.081 (0.078)

Per capita income is in the 90th percentile. No Ref Ref Ref
Yes 0.318** (0.102) 0.216* (0.095) 0.221* (0.093)

The percentage of persons with no high 
school diploma is in the 90th percentile.

No Ref Ref Ref
Yes 0.370*** (0.093) 0.280** (0.087) 0.286** (0.089)

The percentage of persons aged 65 and 
older is in the 90th percentile.

No Ref Ref Ref
Yes −0.324*** (0.079) −0.254*** (0.073) −0.285*** (0.076)

The percentage of persons aged 17 and 
younger is in the 90th percentile.

No Ref Ref Ref
Yes −0.212* (0.085) −0.170* (0.079) −0.102 (0.083)

The percentage of persons with a disability 
is in the 90th percentile.

No Ref Ref Ref
Yes −0.221** (0.080) −0.172* (0.075) −0.075 (0.080)

The percentage of single parent households 
is in the 90th percentile.

No Ref Ref Ref
Yes 0.420*** (0.082) 0.303*** (0.081) 0.165* (0.082)

The percentage of minorities is in the 90th 
percentile.

No Ref Ref Ref
Yes 0.117 (0.095) 0.122 (0.088) 0.052 (0.093)

The percentage of those with limited English 
is in the 90th percentile.

No Ref Ref Ref
Yes 0.126 (0.091) 0.116 (0.085) 0.083 (0.088)

The percentage of households in multi-unit 
housing complexes is in the 90th percentile.

No Ref Ref Ref
Yes −0.304*** (0.084) −0.172* (0.078) −0.350*** (0.079)

The percentage of people living in mobile 
homes is in the 90th percentile.

No Ref Ref Ref
Yes 0.420*** (0.082) 0.266** (0.077) 0.302*** (0.081)

The percentage of crowded households is in 
the 90th percentile.

No Ref Ref Ref
Yes −0.253** (0.092) −0.134 (0.086) −0.115 (0.087)

The percentage of households with no 
vehicles is in the 90th percentile.

No Ref Ref Ref
Yes −0.017 (0.086) 0.047 (0.080) 0.059 (0.081)

The percentage of persons in institutionalized 
group quarters is in the 90th percentile.

No Ref Ref Ref
Yes 0.161 (0.089) 0.137 (0.083) 0.069 (0.081)

% of people with no health insurance 0.041*** (0.005) 0.032*** (0.005) 0.034*** (0.006)
Population (log-transformed) 0.263*** (0.018) 0.198*** (0.017) 0.291*** (0.021)
% of males −0.060*** (0.010) −0.045*** (0.011) −0.031** (0.011)
Constant 3.473*** (0.651) 2.274*** (0.608) 1.751** (0.621)
ρWY - 0.372*** (0.018) -
λWε - - 0.561*** (0.024)
−2logL - 9,764.87 9,712.02
Akaike information criterion 10,179.03 9,806.87 9,754.02

Data are presented as coefficient (standard error).
OLS, ordinary least squares.
*p < 0.05, **p < 0.01, ***p < 0.001.

Table 2. Descriptive statistics of other variables (n = 3,141)

Variable Mean ± SD Min Max

Confirmed deaths from COVID-19 per 100,000 (log-transformed) 3.621 ± 1.347 0 6.588
Population (log-transformed) 10.271 ± 1.489 4.317 16.128
% of males 50.087 ± 2.381 41.4 79.0
% of people with no health insurance 10.082 ± 5.101 1.7 45.6

SD, standard deviation; COVID-19, coronavirus disease 2019.
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Table 3. Descriptive statistics of fifteen high social vulnerability variables (flags) (n = 3,141)

Flags n Mean ± SD
a)

The percentage of persons in poverty is in the 90th percentile.
 No 2,830 3.547 ± 1.338
 Yes 311 4.292 ± 1.236
The percentage of civilian unemployment is in the 90th percentile.
 No 2,829 3.574 ± 1.338
 Yes 312 4.045 ± 1.236
Per capita income is in the 90th percentile.
 No 2,826 3.551 ± 1.330
 Yes 315 4.248 ± 1.336
The percentage of persons with no high school diploma is in the 90th percentile.
 No 2,830 3.549 ± 1.346
 Yes 311 4.279 ± 1.163
The percentage of persons aged 65 and older is in the 90th percentile.
 No 2,837 3.697 ± 1.256
 Yes 304 2.917 ± 1.861
The percentage of persons aged 17 and younger is in the 90th percentile.
 No 2,828 3.600 ± 1.342
 Yes 313 3.810 ± 1.379
The percentage of persons with a disability is in the 90th percentile.
 No 2,830 3.638 ± 1.322
 Yes 311 3.467 ± 1.550
The percentage of single parent households is in the 90th percentile.
 No 2,832 3.532 ± 1.339
 Yes 309 4.437 ± 1.121
The percentage of minorities is in the 90th percentile.
 No 2,829 3.543 ± 1.332
 Yes 312 4.329 ± 1.271
The percentage of those with limited English is in the 90th percentile.
 No 2,826 3.568 ± 1.358
 Yes 315 4.094 ± 1.139
The percentage of households in multi-unit housing complexes is in the 90th percentile.
 No 2,826 3.599 ± 1.380
 Yes 315 3.823 ± 0.975
The percentage of people living in mobile homes is in the 90th percentile.
 No 2,829 3.560 ± 1.342
 Yes 312 4.172 ± 1.258
The percentage of crowded households is in the 90th percentile.
 No 2,839 3.591 ± 1.336
 Yes 302 3.907 ± 1.409
The percentage of households with no vehicles is in the 90th percentile.
 No 2,833 3.568 ± 1.327
 Yes 308 4.111 ± 1.423
The percentage of persons in institutionalized group quarters is in the 90th percentile.
 No 2,828 3.616 ± 1.333
 Yes 313 3.665 ± 1.467

SD, standard deviation.
a)Mean of confirmed deaths of COVID-19 per 100,000 (log-transformed).
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English proficiency (mean: 4.094 vs. 3.568 per 100,000 
population); (11) the percentage of households in multi-
unit housing complexes (mean: 3.823 vs. 3.599 per 100,000 
population); (12) the percentage of mobile home residents 
(mean: 4.172 vs. 3.560 per 100,000 population); (13) the 
percentage of crowded households (mean: 3.907 vs. 3.591 per 
100,000 population); (14) the percentage of households with 
no vehicles (mean: 4.111 vs. 3.568 per 100,000 population); 
and (15) the percentage of persons in institutionalized group 
quarters (mean: 3.665 vs. 3.616 per 100,000 population). 

Table 1 shows the results of regression models for social 
vulnerability and the cumulative number of COVID-19 
deaths. The results of the OLS regression model were 
generally similar to the spatial lag model and spatial error 
model, but it overestimated the outcome of the percentage 
of crowded households in the 90th percentile (OLS, 
–0.253**; spatial lag, –0.134; spatial error, –0.115). 

Unstandardized coefficients from the spatial autoregression 
models indicated that counties in the 90th percentile or above 
for the following parameters showed significant associations 
with COVID-19 death rates compared to their counterparts: 
(1) per capita income (spatial lag: B = 0.216, p < 0.05; spatial 
error: B = 0.221, p < 0.05); (2) the percentage of persons with no 
high school diploma (spatial lag: B = 0.280, p < 0.01; spatial 
error: B = 0.286, p < 0.01); (3) the percentage of persons aged 
65 and older (spatial lag: B = −0.254, p < 0.001; spatial error: 
B = −0.285, p < 0.001); (4) the percentage of persons aged 17 
and younger (spatial lag: B = −0.170, p < 0.05; non-significant 
results for the spatial error model); (5) the percentage of 
persons with a disability (spatial lag: B = −0.172, p < 0.05; 
non-significant results for the spatial error model); (6) the 
percentage of single parent households (spatial lag: B = 0.303, 
p < 0.001; spatial error: B = 0.165, p < 0.05); (7) the percentage 
of households in multi-unit housing complexes (spatial lag: 
B = −0.172, p < 0.05; spatial error: B = −0.350, p < 0.001); (8) the 
percentage of mobile home residents (spatial lag: B = 0.266, 
p < 0.01; spatial error: B = 0.302, p < 0.001); (9) the percentage 
of persons without health insurance (spatial lag: B = 0.032, 
p < 0.001; spatial error: B = 0.034, p < 0.001). 

The log likelihood ratio (spatial lag, 9,764.87; spatial error, 
9,712.02) and AIC (spatial lag, 9,806.87; spatial error, 9,754.02) 
were lower for the spatial error model, implying that it 
would be more appropriate. However, both models were 
used herein because the differences between the 2 models 
were not major. 

Discussion 

This study found that low income and low educational levels 
were positively associated with a higher cumulative number 

of COVID-19 deaths. Economic hardship has been associated 
with the risk of mortality [34–36]. In 2000, Mirowsky et al. 
[37] showed that, for populations below the 20th percentile 
for income, the risk of mortality rose increasingly sharply 
closer to the lowest levels of income. People with a low 
education level tend to experience economic hardship since 
they are more likely to work part-time or be unemployed 
than those with high education levels [37]. In addition, a 
low educational level decreases one’s sense of personal 
control over health behaviors, which could lead to poor 
health outcomes [37]. However, health literacy—that is, the 
ability to understand health information—can mitigate 
the positive effect of a low educational level on poor health 
behaviors [38]. Therefore, providing poorly educated people 
with health education related to COVID-19 prevention 
would be a good way to reduce COVID-19 deaths. 

This study also found that a positive association between 
a county’s proportion of single parent households and a 
high cumulative number of COVID-19 deaths. Previous 
studies have reported that single parenthood has a negative 
effect on the health status of families due to economic 
hardship [39,40]. In the United States, single mothers 
are more likely to live in poverty than 2 parent families 
due to the difficulties single mothers face working and 
childrearing at the same time [41]. These conditions could 
lead to a higher cumulative number of COVID-19 deaths 
among single parent households. 

Additionally, this study found that a positive association 
between the proportion of mobile home residents in a 
county and a high cumulative number of COVID-19 deaths. 
Mobile homes are concentrated in rural counties with high 
poverty rates since people with low income are more likely 
to live in mobile homes than those with high income [42]. 
This might explain the high cumulative number of COVID-19 
deaths in counties with a percentage of mobile homes in 
the 90th percentile or above. 

This study also found a positive association between a high 
percentage of people without health insurance and a high 
cumulative number of COVID-19 deaths. Health insurance 
helps people obtain access to health care by reducing the 
cost of medical services. Hence, uninsured Americans are at 
a higher risk of mortality since they are less likely to receive 
proper treatment for medical conditions [43,44]. This could 
lead to higher cumulative number of COVID-19 deaths in 
counties with a high proportion of uninsured people. America 
has an employment-based health insurance system that 
results in many unemployed and self-employed people 
lacking health insurance due to expensive health insurance 
premiums. In 2018, 8.5% of the United States population (27.5 
million people) did not have health insurance [45]. In addition, 
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hospitals were already operating beyond their capacity 
after a huge influx of patients and people with COVID-19, 
limiting access to healthcare services for those with and 
without insurance. Hence, public health authorities need to 
provide uninsured people with affordable health insurance 
as well as tools and education for COVID-19 prevention. 
Carefully designed guidelines for preventing COVID-19 or 
mass media campaigns that emphasize its dangers and the 
expected health benefits of prevention may contribute to 
reducing the number of COVID-19 deaths. 

United States policymakers have focused on reducing 
welfare and encouraging work since the 1980s, through 
policies influenced by neo-liberalism. Given this trend, 
the United States welfare system today consists largely of 
a work-based safety net, containing elements such as the 
Earned Income Tax Credit [41,46]. Although Americans have 
achieved economic prosperity through capitalism and the 
free economy, the U.S. also has many social problems such as 
a large wealth gap between the rich and the poor, a socially 
vulnerable class, a high uninsured rate, and a high mortality 
rate for vulnerable populations. As shown in Figures 1 and 
2, the counties with the highest rates of COVID-19 deaths 
roughly correspond to counties with the highest social 

vulnerability indices, in areas such as: (1) northeastern 
Arizona, southeastern Utah, and northwestern New Mexico 
(Indian reservation); (2) western Kansas, western Texas, and 
southern Texas; (3) Louisiana, Mississippi, Alabama, Georgia, 
South Carolina, and Florida (corresponding to the American 
South); (4) eastern Washington, eastern Oregon, Idaho, and 
Montana (corresponding to the Inland Northwest region); 
(5) South Dakota, and North Dakota; and (6) New York City, 
Newark, and Jersey City (corresponding to the NY-NJ-PA 
metropolitan statistical area). Therefore, it is necessary to 
strengthen the social safety net to reduce COVID-19 deaths 
in the most vulnerable populations. 

The observations of this study should be considered 
in light of several limitations. First, the temporal causal 
relationship between social vulnerability and the cumulative 
number of COVID-19 deaths cannot be determined due to the 
cross-sectional study design. Second, the log-transformed 
dependent variable may hide real variations in the rate of 
COVID-19 deaths in United States counties. Third, this study 
used pre-existing cross-sectional social vulnerability data 
from 2018 that may not coincide with data on COVID-19 
deaths through November 14, 2020. 

Figure 2.
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Figure 2. Mainland United States map of social vulnerability index by county level in 2018.
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Conclusion 

Despite these limitations, this study conducted a spatial 
analysis of the association between social vulnerability and 
the cumulative number of COVID-19 deaths in counties 
in the United States and discovered. There are regional 
differences in the cumulative number of COVID-19 deaths 
that were affected by various social vulnerabilities. 
Low income and low education levels, as well as a high 
percentage of single parent households, mobile home 
residents, and people without health insurance, were 
positively associated with a high cumulative number 
of COVID-19 deaths. Hence, these findings underscore 
the need to take social vulnerability into account when 
planning interventions to reduce COVID-19 deaths. 
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