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ABSTRACT

Purpose: Early COVID-19 mitigation relied on people staying home except for essential trips. The ability
to stay home may differ by sociodemographic factors. We analyzed how factors related to social vulner-
ability impact a community’s ability to stay home during a stay-at-home order.
Methods: Using generalized, linear mixed models stratified by stay-at-home order (mandatory or not
mandatory), we analyzed county-level stay-at-home behavior (inferred from mobile devices) during a
period when a majority of United States counties had stay-at-home orders (April 7-April 20, 2020) with
the Centers for Disease Control and Prevention Social Vulnerability Index (CDC SVI).
Results: Counties with higher percentages of single-parent households, mobile homes, and persons with
lower educational attainment were associated with lower stay-at-home behavior compared with counties
with lower respective percentages. Counties with higher unemployment, higher percentages of limited-
English-language speakers, and more multi-unit housing were associated with increases in stay-at-home
behavior compared with counties with lower respective percentages. Stronger effects were found in coun-
ties with mandatory orders.
Conclusions: Sociodemographic factors impact a community’s ability to stay home during COVID-19 stay-
at-home orders. Communities with higher social vulnerability may have more essential workers without
work-from-home options or fewer resources to stay home for extended periods, which may increase risk
for COVID-19. Results are useful for tailoring messaging, COVID-19 vaccine delivery, and public health
responses to future outbreaks.
Published by Elsevier Inc.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

Introduction

Social vulnerability refers to sociodemographic factors im-
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pacting a community’s ability to respond to and recover from
community-level stressors, such as pandemics and natural disas-
ters [1-3]. According to the Centers for Disease Control and Pre-
vention Social Vulnerability Index (CDC SVI), this is due to in-
terrelated sociodemographic factors such as education, unemploy-
ment, and household composition [4,5]. Consequently, communi-
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ties with higher social vulnerability experience disproportionately
higher morbidity and mortality during hazardous events, such as
pathogenic disease outbreaks [1].

In February 2020, community transmission of SARS-COV-2
causing COVID-19 was detected in the United States (U.S.) [6] and,
as of May 2021, has resulted in over 600,000 deaths and 34 million
cases nationwide [7]. There are significant disparities in COVID-
19 incidence [8,9], severity [8,9], mortality [10], and testing and
resource allocation [11] across demographic factors like age, race
and ethnicity, and income. Understanding the role of social vulner-
ability relative to COVID-19 is important; evidence indicates a dis-
proportionate burden of COVID-19 morbidity and mortality among
communities experiencing higher social vulnerability [12]. Dispar-
ities in COVID-19 outcomes may be attributable to where people
live and work [10], a lack of public health interventions, and bar-
riers to physical distancing like the inability to work from home
[13].

In March 2020, U.S. jurisdictions implemented stay-at-home or-
ders to reduce virus transmission by encouraging or requiring peo-
ple to stay home except for essential trips (e.g., grocery shopping,
healthcare, essential jobs) [14]. However, the ability to stay home
may differ by sociodemographic factors. People with lower in-
comes may not have work-from-home options (e.g., grocery work-
ers), which may increase workplace-related exposure to SARS-CoV-
2 [13,15]. Persons in communities with high poverty may lack re-
sources to acquire groceries for longer durations and may need to
leave home more often [13,16]. Identifying the social vulnerabil-
ity factors associated with the inability to stay home could inform
prioritization of resources, COVID-19 vaccine delivery [17,18], and
development of future community mitigation policies.

In this study, we analyzed county-level stay-at-home behav-
ior and CDC SVI during a two-week period when a majority of
U.S. counties were under continuous COVID-19 stay-at-home or-
ders [19]. We investigated how social vulnerability impacts a com-
munity’s ability to stay home for COVID-19 mitigation and which
CDC SVI characteristics were associated with stay-at-home behav-
ior. Understanding stay-at-home behavior of persons in counties
with higher social vulnerability provides important context for tai-
loring public health messaging for COVID-19 risk reduction behav-
iors (e.g., wearing masks, social distancing) outside the home. Re-
sults may inform resource allocation (e.g., vaccine prioritization)
and tailored public health programs for communities at increased
exposure risk for SARS-CoV-19. Findings may assist in designing
equitable responses to public health emergencies and future com-
munity mitigation policies.

Methods and materials
Study population

This ecologic study analyzed county-level data for the entire
US. (n = 3142 counties) and 2018 CDC SVI [3] while accounting
for prepandemic mobile device behavior (2019 stay-at-home per-
centage), population density (urbanicity), and state/county stay-at-
home orders. Counties with complete CDC SVI data and stay-at-
home orders (mandatory and not mandatory) which were in place
for the entire study period, were included in stratified analyses
(n = 3119 counties).

Stay-at-home behavior

Location-based-services data from aggregated, anonymized,
opted-in mobile devices (e.g., smart phones) are used as a proxy
for human movement [20-23]. Some counties were highly mo-
bile before the pandemic and, even with large percent changes
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in behavior, remained high relative to other counties during pe-
riods of stay-at-home orders. We were interested in total county
movement, rather than the relative change in behavior. There-
fore, the percentage of devices completely-at-home (stay-at-home
behavior) was assessed as the outcome of interest. Stay-at-home
behavior was defined using the median percentage of devices
completely at-home each day between April 7 and 20, 2020 from
Cuebiq’s shelter-in-place dataset (approximately 20 million active
devices). Cuebiq measures shelter-in-place as the proportion of de-
vices “completely-at-home” each day over the total number of de-
vices seen on that day at the county-level. Cuebiq infers a device’s
home location using the device’s most common nighttime location
over a six-week period [24]. The study period (April 7-20, 2020)
was selected to estimate stay-at-home behavior when a majority of
U.S. counties were under continuous stay-at-home orders (manda-
tory and not mandatory) [19].

The CDC Social Vulnerability Index (CDC SVI)

The CDC SVI tool is a percentile-ranked metric used to iden-
tify communities that may be disproportionately burdened before,
during, and after public health emergencies [1,2]. CDC SVI uses
15 US. census variables to rank U.S. counties from O to 1 (higher
numbers indicating higher social vulnerability) by an overall com-
posite rank score and by four themes representing social vulnera-
bility: (1) Socioeconomic Status (poverty, unemployment, income,
no high school diploma), (2) Household Composition and Disabil-
ity (aged 65 or older, aged 17 or younger, disability, single-parent
households), (3) Minority Status and Language (racial or ethnic mi-
nority group, speak English “less than well”), and (4) Housing Type
and Transportation (multi-unit housing, mobile homes, crowded
housing, vehicle access, group quarters). CDC SVI 2018 data for
all US. counties were obtained from CDC/ATSDR’s Geospatial Re-
search, Analysis, and Services Program’s (GRASP) publicly available
database, which represent the most current sociodemographic cen-
sus data available for U.S. populations [3].

Covariates
US. state and county stay-at-home orders

COVID-19 stay-at-home orders expressly required or recom-
mended individuals stay home except for essential trips. Orders by
U.S. county for April 7-20, 2020 were queried from CDC’s database
of state, territorial, and county level orders located on publicly
available state and county government websites [19].

We coded counties as either with a mandatory order for all in-
dividuals or without a mandatory order for all individuals. Coun-
ties without mandatory orders include those that had mandatory
orders for certain groups but not for all persons in the county, or-
ders that advised but did not require persons to stay home, or for
which no orders were found. Orders not available through publicly
accessible government websites were not included [25].

Prepandemic stay-at-home behavior

Prepandemic stay-at-home behavior was included to account
for a baseline level of county behavior (e.g., multiple device own-
ership, leaving some devices at home, or general tendency to stay
home due to high county unemployment) during a non-pandemic
period. Prepandemic stay-at-home behavior was defined using the
median percentage of devices completely-at-home each day be-
tween April 7 and 20, 2019 from Cuebiq’s shelter-in-place dataset.
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Overall SVI Compared to Median Stay-at-home Behavior

Stay-at-home study period: April 7-20, 2020
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Fig. 1. County-level bivariate map comparing overall 2018 CDC Social Vulnerability Index (SVI) to median stay-at-home behavior (April 7-20, 2020), United States.

Urbanicity

Urbanicity was categorized as large metropolitan (referent),
medium/small metropolitan, and micropolitan/non-core, which are
collapsed from the National Center for Health Statistics’ 2013
Urban-Rural Classification Scheme for Counties [26].

Analysis

Univariate linear mixed effects models were fit to assess rela-
tionships between stay-at-home behavior for 3141! U.S. counties
from April 7-20, 2020 and (1) overall CDC SVI percentile ranking,
(2) each of the four CDC SVI themes by percentile ranking, and
(3) each of the individual CDC SVI variables as percentages. To vi-
sualize the spatial distribution of CDC SVI and stay-at-home behav-
ior, we mapped stay-at-home behavior during the examined period
(April 7-20, 2020) with overall CDC SVI ranking for all U.S. coun-
ties (Fig. 1).

Multivariate linear mixed effects models were fit to assess rela-
tionships between stay-at-home behavior for 3120% U.S. counties
from April 7-20, 2020 and (1) overall CDC SVI percentile rank-
ing, (2) all four CDC SVI themes by percentile ranking, and (3)
individual CDC SVI variables as percentages. To account for typ-
ical device movement during a non-pandemic period and correla-
tions with population density and CDC SVI variables, we controlled
for prepandemic stay-at-home behavior, urbanicity, and remaining
CDC SVI themes or variables in the adjusted models. An assess-
ment of collinearities and variance inflation factors (VIF) among
the individual CDC SVI variables led to the exclusion of two CDC
SVI variables from the final models assessing CDC SVI variables
as percentages— per capita income and percentage of persons un-
der the age of 18. To understand how stay-at-home orders may
have modified stay-at-home behavior, all final adjusted models

1 One county in New Mexico was excluded due to missing CDC SVI data: Rio
Arriba County.

2 Twenty-two counties, all in the State of Texas, were excluded because the stay-
at-home order was not in place for the entirety of the study period.
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were stratified by stay-at-home order type (mandatory order vs.
no mandatory order).

All univariate and multivariate models used a Gaussian spatial
correlation structure (county-level) to account for spatial autocor-
relation and included “U.S. State” as a random effect. Model fit was
assessed using R2. Statistical analyses were conducted in R version
4.0.0 [27]. Due to the large number of counties, significance was
assessed at alpha = 0.01.

Results

During April 7-20, 2020, county-level stay-at-home behavior
varied from 23.9% to 75.0% with a median of 35.6% remaining com-
pletely at home daily. Prepandemic stay-at-home behavior (April
7-20, 2019) ranged from 8.3% to 50.0% with a median of 22.8%.

Of the counties that had continuous stay-at-home orders for the
study period, 71.5% had a stay-at-home order that was mandatory
for all individuals (n = 2231 counties), and 28.5% did not have
a known order that was mandatory for all individuals (n = 888
counties).

Higher CDC SVI percentile rank (higher social vulnerability rela-
tive to other counties) was significantly associated with lower stay-
at-home behavior after adjusting for prepandemic stay-at-home
behavior and urbanicity, with stronger decreases noted in coun-
ties with mandatory orders (8 = -4.18, P < .01) compared to those
without mandatory orders (8 = -2.08, P < .01).

All four CDC SVI themes were associated with stay-at-home be-
havior. Lower stay-at-home behavior was found among counties
with higher percentile ranks in socioeconomic status (Theme 1:
B = -6.92, P < .01), household composition and disability status
(Theme 2: 8 = -6.37, P < .01), and housing type and transportation
(Theme 4: B = -0.95, P < .01). Higher percentile rank in minority
status and language was associated with higher stay-at-home be-
havior (Theme 3: B = 3.79, P < .01). After adjusting for prepan-
demic stay-at-home behavior, urbanicity, and remaining CDC SVI
themes, effects for themes 1, 2, and 3 were attenuated but re-
mained significant, while the effect for theme 4 changed direction-
ality (Table 1).
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Unadjusted and adjusted linear mixed effects models* of county stay-at-home behavior’ and the CDC Social Vulnerability Index (CDC SVI)! percentile ranking by theme,

United States, April 7-April 20, 2020¢

Unadjusted

Adjusted’

All counties (n = 3141)

All counties (n = 3141)  With mandatory

stay-at-home order*

Without mandatory
stay-at-home order**

(n = 2231) (n = 888)
Fixed effects Estimate'™  p-value Estimate p-value Estimate p-value Estimate p-value
(Intercept) - - 31.62 <0.01 30.73 <0.01 33.27 <0.01
CDC Social Vulnerability Index
Theme 1: Socioeconomic Status -6.92 <0.01 -5.14 <0.01 -6.06 <0.01 -3.86 <0.01
Theme 2: Household Composition & Disability -6.37 <0.01 -3.16 <0.01 -3.41 <0.01 -2.46 <0.01
Theme 3: Minority Status & Language 3.79 <0.01 2.99 <0.01 3.75 <0.01 0.96 0.08
Theme 4: Housing Type & Transportation -0.95 <0.01 1.90 <0.01 1.75 <0.01 2.06 <0.01
Prepandemic Stay-At-Home Behavior
2019 Stay-At-Home Percentage'* - - 0.46 <0.01 0.51 <0.01 0.32 <0.01
Urbanicity
Medium & Small Metropolitan - - -2.39 <0.01 -2.19 <0.01 -2.09 <0.01
Micropolitan & Noncore - - -4.21 <0.01 -3.76 <0.01 -3.93 <0.01
Model R? - - 0.51 - 0.57 - 0.37 -

* Unadjusted and adjusted generalized linear mixed effects models include a Gaussian spatial correlation structure (county-level) and U.S. State as a random effect.

T County stay-at-home behavior was defined as the median percentage of anonymous, aggregated mobile devices completely-at-home daily during the examined period.

1 Social vulnerability was assessed using the 2018 Centers for Disease Control and Prevention (CDC) Social Vulnerability Index (CDC SVI), a metric used to identify
communities that may need support before, during, and after public health emergencies (https://www.atsdr.cdc.gov/placeandhealth/svi/index.html).

§ Examined period: April 7-April 20, 2020 selected to approximate population movement during a period when a majority of U.S. counties were under continuous

stay-at-home orders (mandatory or not mandatory).

9 Adjusted for prepandemic 2019 stay-at-home percentage, urbanicity, and remaining CDC SVI Themes.
# Mandatory orders include those counties and jurisdictions that had a state-issued or county-issued stay-at-home order for all persons for the duration of the examined

period.

** Counties without mandatory state-issued or county-issued orders include jurisdictions that may have had mandatory orders only for certain groups, such as persons
at higher risk from COVID-19 or children, but did not extend to all persons in the county, orders which advised but did not require persons to stay home, or for which no

orders were found.

Tt A positive estimate indicates the factor listed in the first column is associated with increased stay-at-home behavior. A negative estimate indicates that the factor

listed in the first column is associated with decreased stay-at-home behavior.

# Prepandemic period: April 7-April 20, 2019 (used to approximate population movement before the COVID-19 pandemic).

Among counties with mandatory stay-at-home orders, each of
the four CDC SVI themes were significantly associated with stay-
at-home behavior after adjusting for urbanicity, prepandemic stay-
at-home behavior, and remaining CDC SVI themes. Higher social
vulnerability percentile rank due to socioeconomic status (Theme
1: B = -6.06, P < .01) or household composition and disability
status (Theme 2: B = -3.41, P < .01) was associated with lower
stay-at-home behavior. Conversely, higher social vulnerability per-
centile rank due to racial or ethnic minority status and language
(Theme 3: B = 3.75, P < .01) or housing type and transportation
(Theme 4: B = 1.75, P < .01) was associated with higher stay-at-
home behavior. In counties without mandatory orders, higher per-
centile rank for Themes 1 and 2 was significantly associated with
lower stay-at-home behavior but with weaker effects compared to
counties with mandatory orders (Table 1).

Except for crowded housing, all examined CDC SVI variables
were significantly associated with stay-at-home behavior in the
unadjusted models. After adjustment, 8 of the examined 13 vari-
ables remained significant (Table 2). Among counties with manda-
tory stay-at-home orders, four CDC SVI individual variables were
significantly associated with lower stay-at-home behavior after ad-
justing for urbanicity, prepandemic stay-at-home behavior, and re-
maining CDC SVI variables: percentage of single-parent households
(B = -0.31, P < .001), percentage of adults without a high school
diploma (8 = -0.26, P < .01), percentage of persons with a dis-
ability (8 = -0.14, P < .01), and percentage of mobile homes
(B = -0.03, P < .01). Counties with higher percentages of persons
who speak English less than well (8 = 0.29, P < .01), multi-unit
housing (8 = 0.25, P < .01), unemployment (8 = 0.13, P < .01),
and persons in racial and ethnic minority groups (8 = 0.03, P <
.01) were significantly associated with increased stay-at-home be-
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havior (Table 2). Similar but fewer significant effects were found
among counties without mandatory stay-at-home orders (Table 2).

Figure 1 visualizes the national spatial distribution of social vul-
nerability and stay-at-home behavior during April 7-20, 2020, with
regional trends in both CDC SVI and stay-at-home behavior. The
Southeast appeared to have higher social vulnerability and lower
stay-at-home behavior, while the Northeast showed lower social
vulnerability and higher stay-at-home behavior.

Discussion

This study leverages aggregated mobile device data as a novel
source to understand important associations between the ability
to stay home and CDC SVI during the early stages of the COVID-
19 pandemic. CDC SVI had not been previously used to exam-
ine which sociodemographic factors were associated with stay-at-
home behavior during COVID-19 stay-at-home orders. During pe-
riods of large-scale, uncontrolled COVID-19 transmission, stay-at-
home orders were one of the most effective disease mitigation
strategies available [14,28]. However, this study found that the
ability to stay home differs by socioeconomic and demographic
factors. After adjusting for prepandemic stay-at-home behavior and
urbanicity, higher CDC SVI percentile ranking was significantly as-
sociated with lower stay-at-home behavior suggesting that persons
living in counties with higher social vulnerability stayed home sig-
nificantly less than persons in counties with lower social vulner-
ability. State and county stay-at-home orders modified these ef-
fects, with stronger effects in counties with mandatory orders and
generally weaker and fewer significant associations noted in coun-
ties without mandatory orders. R? values were higher in models
stratified by mandatory order, which suggests that social vulner-
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Unadjusted and adjusted linear mixed effects models* of county stay-at-home behavior’ and the CDC Social Vulnerability Index (CDC SVD* individual variables as percent-

ages, United States, April 7-April 20, 2020%** (n=888)

Unadjusted

Adjusted’

All counties

All counties (n = 3141)

With mandatory Without mandatory

(n = 3141) stay-at-home orders” stay-at-home orders*
(n = 2231) (n = 888)
Fixed effects Estimate'! p-value Estimate p-value Estimate p-value Estimate p-value
(Intercept) - - 33.73 <0.01 34.13 <0.01 35.30 <0.01
CDC Social Vulnerability Index
Theme 1: Socioeconomic Status
No High School Diploma -0.30 <0.01 -0.27 <0.01 -0.26 <0.01 -0.30 <0.01
Below Poverty -0.13 <0.01 0.03 0.03 -0.02 0.35 0.09 <0.01
Unemployed -0.08 <0.01 0.13 <0.01 0.13 <0.01 0.06 0.22
Theme 2: Household Composition & Disability
Aged 65 or Older -0.15 <0.01 0.00 0.80 0.00 0.88 0.05 0.19
Single-Parent Households -0.12 <0.01 -0.28 <0.01 -0.31 <0.01 -0.31 <0.01
Living with a Disability -0.38 <0.01 -0.09 <0.01 -0.14 <0.01 -0.07 0.08
Theme 3: Minority Status & Language
Minority 0.04 <0.01 0.03 <0.01 0.03 <0.01 0.05 <0.01
Speaks English “Less than Well” 0.16 <0.01 0.25 <0.01 0.29 <0.01 0.13 0.05
Theme 4: Housing Type & Transportation
Mobile Homes -0.20 <0.01 -0.03 <0.01 -0.03 <0.01 -0.01 0.66
Group Quarters -0.05 <0.01 0.01 0.34 0.02 0.22 0.02 0.51
No Household Vehicle 0.05 <0.01 0.00 0.98 0.05 0.02 -0.01 0.78
Crowded Housing -0.01 0.80 0.03 0.36 -0.03 0.46 0.08 0.16
Multi-Unit Housing 0.39 <0.01 0.24 <0.01 0.25 <0.01 0.17 <0.01
Prepandemic Stay-At-Home Behavior
2019 Stay-At-Home Percentage’® - - 0.44 <0.01 0.48 <0.01 0.27 <0.01
Urbanicity
Urbanicity: Med/Small - - -1.95 <0.01 -1.70 <0.01 -1.92 <0.01
Urbanicity: Micro/Noncore - - -3.24 <0.01 -2.76 <0.01 -3.40 <0.01
Model R? - - 0.63 - 0.69 - 0.48 -

* Unadjusted and adjusted generalized linear mixed effects models include a Gaussian spatial correlation structure (county-level) and U.S. State as a random effect.

T County stay-at-home behavior was defined as the median percentage of anonymous, aggregated mobile devices completely-at-home daily during the examined period.

* Social vulnerability was assessed using the 2018 Centers for Disease Control and Prevention (CDC) Social Vulnerability Index (CDC SVI), a metric used to identify
communities that may need support before, during, and after public health emergencies (https://www.atsdr.cdc.gov/placeandhealth/svi/index.html).

§ Examined period: April 7-April 20, 2020 selected to approximate population movement during a period when a majority of U.S. counties were under continuous

stay-at-home orders (mandatory or not mandatory).

9 Adjusted for prepandemic 2019 stay-at-home percentage, urbanicity, and remaining CDC SVI individual variables.
# Mandatory orders include those counties and jurisdictions that had a state-issued or county-issued stay-at-home order for all persons for the duration of the examined

period.

** Counties without mandatory state-issued or county-issued orders include jurisdictions that may have had mandatory orders only for certain groups, such as persons
at higher risk from COVID-19 or children, but did not extend to all persons in the county, orders which advised but did not require persons to stay home, or for which no

orders were found.

T A positive estimate indicates the factor listed in the first column is associated with increased stay-at-home behavior. A negative estimate indicates that the factor

listed in the first column is associated with decreased stay-at-home behavior.

# Prepandemic period: April 7-April 20, 2019 (used to approximate population movement before the COVID-19 pandemic).

ability may better explain the variation in stay-at-home behavior
for counties with mandatory orders compared to counties without
mandatory orders.

The relationship was strong among counties with lower socioe-
conomic status, suggesting that there are a greater proportion of
individuals with jobs requiring them to leave home. For example,
counties with a higher proportion of individuals with low educa-
tional attainment may have more persons employed in essential
positions without remote-work options (e.g., grocery stores, con-
struction) and must leave home for employment [15,29,30]. Peo-
ple with lower socioeconomic status are less likely to have access
to healthcare [31], health insurance [32], and paid sick leave [33],
which could impact their ability to stay home from work when ill
or when exposed to others who are ill, and could delay testing and
care seeking for COVID-19. Further, these communities may require
additional resources to recover economically due to higher baseline
levels of unemployment and poverty.

We found important associations in stay-at-home behavior and
household characteristics. Counties with higher percentages of
single-parent households were associated with lower stay-at-home
behavior in the adjusted models. For every ten percent increase in

percentage of single parent households, stay-at-home behavior de-
creased by approximately 3% both in counties with and without
mandatory orders. Single-parent households may require more in-
teraction from others in the community while under stay-at-home
orders to care for and educate children. Further, persons in coun-
ties with higher proportions of residents with disabilities also ex-
hibited less stay-at-home behavior. Persons in these counties may
need to leave home more often for healthcare. The true character-
istics of device users are unknown, so this may reflect movement
of caretakers or others in the community, rather than the residents
with disabilities themselves.

Persons in counties with higher percentages of persons of racial
and ethnic minority groups, with limited English language pro-
ficiency, higher percentages of baseline unemployment, and with
more multi-unit housing units stayed at home more during the
examined period. The increase was stronger among counties with
mandatory orders and largely driven by counties with higher pro-
portions of limited English language speakers. Persons in these
counties may have been subject to inequitable enforcement of or-
ders [34] and increased job losses from business closures [35,36]
which may have increased stay-at-home behavior. Counties in
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Southern U.S. States with higher percentages of persons who speak
English less than well may have been impacted by the U.S.-Mexico
border closures to reduce movement to retail and businesses on
either side of the border [37]. Stay-at-home behavior may also dif-
fer by and across racial and ethnic minority groups and should be
further explored in future analyses.

Urbanicity and prepandemic behavior are confounders of these
associations. Specifically, they attenuate estimates of stay-at-home
behavior in expected ways. For instance, higher percentile rank in
housing type and transportation (Theme 4) was associated with
lower stay-at-home behavior. After adjusting for urbanicity and
prepandemic behavior, the directionality reversed with higher per-
centile rank associated with higher stay-at-home behavior. This
theme aligns with the ability to move and the conditions in which
people live, such as personal vehicle access and living in multi-unit
housing. However, multi-unit housing structures are more concen-
trated in urban areas and include residents of all income levels.
CDC SVI does not distinguish between multi-unit housing in luxury
apartments or affordable housing developments. Therefore, there
may be unmeasured effect modification due to income and popu-
lation density (urbanicity), which should be further explored.

Persons living in counties with low stay-at-home behavior and
higher social vulnerability may experience increased SARS-CoV-
19 exposure risk. They may be disproportionately affected by ill-
ness, business closures, and community-level consequences of the
COVID-19 pandemic. These relationships may lend insight into the
implementation of updated mitigation policies as jurisdictions re-
visit stay-at-home policies for COVID-19 or other infectious disease
outbreaks. Counties that exhibited low stay-at-home behavior and
higher social vulnerability were primarily concentrated in Southern
and Southeastern states, which were among the first to relax stay-
at-home policies in April 2020 [19]. Continuing to monitor counties
with higher population movement and higher social vulnerability
may contribute to improved early detection and control of COVID-
19 outbreaks.

This study has limitations. These data are a sample of mobile
devices used by persons of unknown demographics and are limited
to the examined period, which may not be generalizable or reflect
stay-at-home behavior over time. Further, using mobile devices as
a proxy for population movement may not fully account for mul-
tiple device ownership, some of which may stay home while the
user leaves, or communities with low device ownership. Addition-
ally, states and counties defined activities exempt from stay-at-
home orders differently, which may have impacted the ability of
persons to stay home in certain communities. Future studies may
review the impact of other community mitigation policies, such as
bar and restaurant closures.

Conclusions

There was a relationship between county-level stay-at-home
behavior and social vulnerability during the COVID-19 pandemic.
In the examined period, persons in counties with higher social vul-
nerability stayed home less often than persons in counties with
lower social vulnerability. Findings highlight the importance of un-
derstanding the socioeconomic and demographic factors that im-
pact a community’s ability to stay home during stay-at-home or-
ders and future infectious disease outbreaks. Public health mes-
saging should be tailored to encourage strategies to reduce COVID-
19 community mitigation (e.g., wearing masks, social distancing)
when leaving home. Results are useful for resource allocation (e.g.,
testing, vaccination) in communities with higher social vulnera-
bility. Public health responders should consider social vulnerabil-
ity and population movement when designing equitable responses
to public health emergencies. Policy makers may also consider the
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ability for communities to stay home when developing future com-
munity mitigation policies for infectious disease outbreaks.
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