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Abstract

Background Social distancing—when people limit close
contact with others outside their household—is a pri-
mary intervention available to combat the COVID-19
pandemic. The importance of social distancing is un-
likely to change until effective treatments or vaccines be-
come widely available. However, relatively little is known
about how best to promote social distancing. Applying
knowledge from social and behavioral research on con-
ventional health behaviors (e.g., smoking, physical ac-
tivity) to support public health efforts and research on
social distancing is promising, but empirical evidence
supporting this approach is needed.

Purpose We examined whether one type of social dis-
tancing behavior—reduced movement outside the home—
was associated with conventional health behaviors.

Method We examined the association between GPS-
derived movement behavior in 2,858 counties in USA
from March 1 to April 7, 2020 and the prevalence of
county-level indicators influenced by residents’ conven-
tional health behaviors.

Results Changes in movement were associated with con-
ventional health behaviors, and the magnitude of these
associations were similar to the associations among the
conventional health behaviors. Counties with healthier
behaviors—particularly less obesity and greater physical
activity—evidenced greater reduction in movement out-
side the home during the initial phases of the pandemic
in the USA.

Center for the Study of Aging and Human Development,
Duke University Medical Center, Durham, NC

Department of Psychology and Neuroscience, Duke
University, Durham, NC

Department of Psychology, University of Arizona, Tucson, AZ

Institute of Psychiatry, Psychology, & Neuroscience, King’s
College London, Strand, London

Conclusions Social distancing, in the form of reduced
movement outside the home, is associated with conven-
tional health behaviors. Existing scientific literature on
health behavior and health behavior change can be more
confidently used to promote social distancing behaviors
during the COVID-19 pandemic.
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Introduction

The SARS-CoV-2 coronavirus originated in Wuhan,
China, in late 2019 [1] and spread globally over the first
3 months of 2020. Human-to-human transmission of
SARS-CoV-2 was confirmed in January 2020 [2], and
the first case in the USA was confirmed on January 24.
The outbreak of the disease resulting from SARS-CoV-2
(COVID-19) [3] was declared a pandemic by the World
Health Organization on March 11 [4]. By June 11, 2020,
the CDC recorded over 2 million cases and 110,000
deaths due to COVID-19 in the USA [5], contributing
to over 7.3 million infections and 410,000 deaths world-
wide [6].

In March 2020, U.S. public health and government
officials began an unprecedented effort to limit the
spread of SARS-CoV-2. Owed largely to the lack of
effective pharmacological interventions and vaccines,
social distancing—a constellation of behaviors that
decrease close physical contact among nonhousehold
members [7, 8]—emerged as the primary mitigation
strategy for limiting the spread of the virus. The CDC
recommended three specific social distancing behav-
iors: (1) stay at least 6 ft away from other people, (ii)
do not gather in groups, and (iii) stay out of crowded
places and avoid mass gatherings [5]. Based on the
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belief that the less people traveled outside their home,
the less close physical contact between infected and
uninfected individuals would occur, multiple levels
of government enacted limitations on business and
movement (e.g., closing schools and nonessential busi-
nesses, stay-at-home orders [9]) to stymie the spread of
the virus. Preliminary research found that government
actions restricting movement reduced SARS-CoV-2
infection rates [8, 10], though peer-reviewed evidence
in the USA is more limited.

Social  distancing—also  known as  physical
distancing—is a complex set of human behaviors that
will benefit from multidisciplinary study to guide public
health implementation [11-13]. The current pandemic is
unique in terms of its impact on social and economic
activities in the modern USA. Previous viral outbreaks,
such as HIN1 [14], did not result in the level of mass
behavioral change observed in response to COVID-19.
Calls for Americans to limit their movement outside the
home is a novel-—and in many ways unprecedented—
public health effort in the modern USA. In light of the
limited empirical research focused on such efforts, lessons
learned from more comprehensively studied behaviors
may be useful in understanding how to best promote so-
cial distancing behaviors. Health behaviors like smoking,
physical activity, and vaccination rates have been studied
by the scientific community for decades, presenting an
opportunity to apply relevant theory to promote social
distancing [12, 15]. For example, theories of individual
behavior change provide models helping to explain why
individuals choose to engage in, or not to engage in,
health behaviors related to a number of medical condi-
tions [16]. Ecological models of health behavior also pre-
sent many levels of influence (e.g., family, community)
that can impact people’s health-related behaviors [17].

It is tempting to apply social and behavioral research on
health behaviors to social distancing based purely on theor-
etical grounds, but the value of this opportunity is limited
by whether social distancing behaviors are affected by the
same causal, theoretical variables as conventional health
behaviors. Empirical evidence to this end would support the
application of health behavior models to social distancing
[15, 18], particularly given the way health-relevant behav-
iors tend to correlate [19, 20]. To the extent that social
distancing is associated with more conventional health be-
haviors, stakeholders could more confidently draw on the
broad literature of health behavior change [12, 15, 18, 21]
when studying and promoting social distancing.

Present Study

The present study used objectively measured move-
ment data to examine social distancing behavior in
U.S. counties during the COVID-19 pandemic. We

hypothesized that counties whose residents evidenced
healthier behaviors prior to the pandemic would also
show greater reductions in movement during the pan-
demic. In addition, we predicted associations would
remain when controlling for relevant state- and county-
level characteristics.

Methods
Study Design

The current study used county-level movement data from
March 1 to April 7, 2020 collected by two companies—
Cuebiq and Streetlight Data. Cuebiq collects movement
data from ~15 million mobile GPS-enabled devices from
individuals who consented to have their data collected.
These data were then processed and aggregated at the
county level to produce daily estimates of movement
behavior. Streetlight also uses GPS mobility data and a
proprietary algorithm to produce estimates of daily ve-
hicle miles traveled, which are aggregated at the county
level. Data from Streetlight were made available starting
March 1, 2020, which was defined as the start of the
study period. Additional data provided by Citymapper
were used for validation purposes. Movement data were
combined with county-level health behavior data from
the County Health Rankings & Roadmaps. In the cur-
rent study, we included all counties in the USA that had
movement data from both Cuebiq and Streetlight during
the period of interest (N = 2,858), which included 48
states and the District of Columbia. Streetlight did not
include movement data on counties in Alaska (n = 29)
and Hawaii (n = 5), or 248 counties in the continental
USA. Cuebiq did not provide data for two additional
counties. Supplemental Data 1 provides the 5-digit
county identifier, state, and name for all excluded coun-
ties (n = 284). We did not have access to any individual-
level data for this study.

Measures

Movement behavior

Movement behavior was assessed using data from
Cuebiq and Streetlight Data. These companies provided
county-level data for the primary outcome variables:
daily percentage of people remaining within 1 mile of home
and daily vehicle miles traveled. Supplemental Analysis 1
provides an analysis of validity for these measures. For
each outcome, we calculated initial change in movement
in response to the pandemic by taking the difference be-
tween averages over the first 7 days of March and April.
Daily percentage of people remaining within 1 mile of
home Cuebiq movement data use GPS-enabled devices
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to determine the greatest distance people travel from
their homes on any given day (<330 ft, between 330 ft
and | mile, between 1 and 10 mile, and >10 mile). Daily
data are aggregated at the county level, resulting in a per-
centage for each category. We calculated the total daily
percentage of people who remained within 1 mile of
home. Increases in the percentage of people remaining
within 1 mile of home indexed relatively more social
distancing behavior.

Daily vehicle miles traveled Streetlight movement data es-
timate the daily vehicle miles traveled by residents of each
U.S. county in the continental USA. Streetlight uses the
Cuebiq Mobility Index—continuous movement data cal-
culated separately from the distance people travel from
home—and a proprietary algorithm to produce a daily
estimate of vehicle miles traveled, which is aggregated by
county. We calculated a percentage of daily miles trav-
eled, with the average of the first 7 days of March used as
the reference period. Decreases in vehicle miles traveled
indexed relatively more social distancing behavior.

Conventional County-Level Health Behaviors

We used data from the 2019 County Health Rankings
& Roadmaps report to measure county-level indica-
tors influenced by residents’ health behavior: smoking,
obesity, physical activity, flu vaccination, and mammog-
raphy screenings. Smoking measured the percentage of
the adult population who smoke. Obesity measured the
percentage of adults with a body mass index >30. We
note that strictly speaking, obesity is a physiological
risk marker for the development of chronic disease [22]
and reflects the cumulative effects of multiple health be-
haviors, including sedentary and physical activity time
as well as diet. We include obesity here as a proxy for
these behaviors and other lifestyle factors that give rise
to adiposity. Physical activity measured the percentage
of adults over 20 reporting no leisure time physical ac-
tivity. Flu vaccination rates measured the percentage of

fee-for-service Medicare enrollees that had an annual
flu vaccine. Mammography screening rate measured
the percentage of female Medicare enrollees aged 65-74
that received an annual mammography screening. These
data were collected from the Behavioral Risk Factor
Surveillance System, the CDC Diabetes Interactive
Atlas, and Mapping Medical Disparities Tool (for add-
itional information on data sources and methodology,
see https://www.countyhealthrankings.org/). All meas-
ures were recoded so that higher values reflected a greater
percentage of health-protective behaviors. We also aver-
aged health behavior indicators to form a single health
behavior composite. The composite evidenced adequate
internal reliability (o« = .68). Individual health behaviors
were all significantly correlated with other health behav-
iors—effects ranged from small to large, 11 <rs <.70, all
ps <.001. The individual health behaviors were all highly
correlated with the health behavior composite, rs > .61,
ps <.001 (Table 1).

Demographic and Socioeconomic Characteristics

The 2019 County Health Rankings & Roadmaps report
included demographic and socioeconomic characteristics
at the state and county level. Variables used in the current
study included county-level population, median household
income, and rurality, as well as percentages of people who
were women, non-Hispanic white, older than 65, and had
some college education. State-level population and rur-
ality were also included. These data were collected from
the American Community Survey, Small Area Income and
Poverty Estimates, and Census Population Estimates.

Data Analysis

To test our hypotheses, we first examined the correlations
between county-level indicators influenced by residents’
health behaviors—smoking, obesity, physical activity,

Table 1. Bivariate associations of movement with health behaviors

N=23858 (1) @) 3 “ (5 (6) (7 ®)
Increase in % of people < 1 mile of home (1) 1.0

Decrease in vehicle miles traveled (2) 73 1.0

Smoking status (3) .36 50 1.0

Obesity (4) 41 47 .59 1.0

Physical activity (5) 47 .58 .68 .70 1.0

Flu vaccination rate (6) 44 34 .20 17 27 1.0

Mammography screening rate (7) 25 .29 27 A1 29 46 1.0

Health behavior composite (8) 55 .59 .65 .61 714 714 .70 1.0

Note: All health behaviors were coded such that greater values represent more health-protective behaviors. The health behavior com-

posite was an average of the individual health behaviors.
All ps <.001.
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flu vaccination rate, mammography screening rate, and
the overall health behavior composite—and changes in
the two movement behavior outcomes. Second, we used
mixed effect linear models to test the association between
these health behaviors and changes in movement. These
models nested counties within states and controlled for
a variety of state- and county-level demographic and
socioeconomic characteristics. State factors were mod-
eled as level-1 variables and county factors were modeled
as level-2 variables in the mixed effect models. Analyses
were conducted in MPLUS version 8.3 [23].

Results

Do Pre-Pandemic Health Behaviors Predict Movement
Behavior During the Pandemic?

U.S. counties with lower rates of smoking and obesity, as
well as higher rates of physical activity, flu vaccinations,
and mammography screenings, had greater reductions
in movement from the first week of March to the first
week of April, both in the form of more people re-
maining within 1 mile of home and people driving fewer
vehicle miles per day (Table 1). The bivariate associations
among the conventional health behaviors were similar in
magnitude to the associations between those health be-
haviors and changes in movement, which were moderate
to large in size (Table 1). The health behavior composite
was also associated with changes in both percentage of
people remaining within 1 mile of home (r = .55) and
vehicle miles people traveled per day (r = .59). Figure 1
illustrates changes in movement in counties categorized
using the health behavior composite. When controlling
for baseline levels of movement during the first week
of March, the health behavior composite explained
30.7% additional variance in the percentage of people
remaining within 1 mile of home and 28.5% additional
variance in the vehicle miles people traveled.

Predicting Change in Movement While Controlling for
State- and County-Level Covariates

We next tested whether health behavior predicted change
in movement while accounting for state- and county-level
demographic and socioeconomic characteristics in mixed
linear models nesting counties within states. Control
variables at the state-level included population, rurality,
and the presence of a state-wide stay-at-home order.
Control variables at the county-level included popula-
tion, rurality, household income, education, gender, race/
ethnicity, and age. When accounting for these variables,
the health behavior composite significantly predicted in-
creases in people remaining within 1 mile of home and

decreases in the vehicle miles people traveled (Table 2).
The sizes of the standardized effects for the health be-
havior composite—f3 = 0.11 [0.02, 0.21] for percentage
of people remaining within 1 mile of home, p = 0.16
[0.09, 0.24] for vehicle miles traveled—were attenuated
compared to effect sizes in models that did not include
county-level demographic or socioeconomic covariates—
p=0.58[0.52,0.63]and 3 =0.57[0.51, 0.63], respectively.

Certain individual health behaviors may be more pre-
dictive of changes in movement behavior than others. To
test this possibility, we specified mixed linear models for
each of the individual health behaviors predicting change
in movement behavior independently. Obesity and phys-
ical activity were significantly associated with changes
in both movement outcomes (Table 3). Flu vaccination
rate was significantly associated with decreases in ve-
hicle miles driven, but not with the increase in people
remaining within 1 mile of home (Table 3). Smoking and
mammography screening rates were not significantly as-
sociated with either movement outcome (Table 3). These
results suggest that obesity and physical activity were the
strongest individual health behavior predictors of re-
duced movement outside the home.

Demographic and Socioeconomic Covariates Associated
With Changes in Movement

When examining the results of the health behavior com-
posite mixed effect models (Table 2), there were sev-
eral associations of note at the county level of analysis.
First, in terms of socioeconomic status, counties that
were wealthier and more educated were more likely to
reduce their movement. More urban counties were simi-
larly more likely to reduce their movement outside the
home. In terms of demographic factors, counties with a
lower percentage of non-Hispanic whites and a higher
percentage of adults over the age of 65 were more likely
to reduce their movement outside the home, though the
sizes of these effects were smaller than those for counties’
socioeconomic characteristics. At the state-level of ana-
lysis, counties in states that enacted stay-at-home orders
had a greater reduction in movement compared with
counties without such an order.

Discussion

The current study examined whether county-level indi-
cators of residents’ health behavior were associated with
social distancing in response to the COVID-19 pan-
demic from March 1 to April 7, 2020. Social distancing
was assessed using objectively measured movement out-
side the home collected from GPS-enabled devices and
aggregated at the county level (N = 2,858) in the USA.
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Fig. 1. Change in movement behavior from the first week of March to the first week of April. Counties were categorized by the health
behavior composite, which was z-scored. Best were 1.0 SD or more above the mean (n = 473, 16.6%), Very good = between 0.5 and 1 SD
(n =398, 13.9%), Good = between the mean and 0.5 SD (n = 532, 18.6%), Fair = the mean and —0.5 SD (n = 544, 19.0%), Poor = between
—0.5 and —1 SD below the mean (n = 486, 17.0%), Very poor <1 SD below the mean (n = 425, 14.9%). Error bars represent 95% confi-

dence intervals.

People in counties with more health-protective behav-
iors prior to the pandemic reduced their movement to a
greater degree during the pandemic than people in coun-
ties with fewer health-protective behaviors. The size of
these effects were large—r = .55 for percentage of people
remaining within 1 mile of home, r = .59 for vehicle
miles traveled, corresponding to roughly 30% of the
variance in these outcomes. In terms of individual con-
ventional health behaviors, rates of obesity and physical
activity were particularly robust predictors of movement
behavior. The significant associations among individual
health behaviors matches well with prior evidence that
such behaviors are correlated within individuals [19, 20],
and extends these results to county-level associations.
Although there are calls to apply social and behavioral
research [11] to the current crisis on theoretical grounds
[12, 15], few studies provide empirical evidence to

buttress these claims. The findings reported here provide
this evidence, which in turn supports application of the
wealth of scientific knowledge regarding conventional
health behaviors and health behavior change [18, 21, 22]
to promote social distancing.

Given the strong associations between conventional
health behaviors and changes in movement behavior, a
number of theoretical perspectives could have relevance
to social distancing. For example, individual models of
health behavior could inform our understanding of so-
cial distancing [16]. The Health Belief Model highlights
how people’s perception of threat related to a disease or
condition—arising in part from the chance of getting
a disease and severity of the disease—helps determine
whether people engage in health-protective behavior
[16]. Ecological models of behavior change [17, 21] also
present a number of principles that could be applied to
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Table 2. Mixed effect model results predicting change in movement behaviors
Increase in % of people remaining <1 Decrease in vehicle miles traveled
mile from home
N =122858 B 95% CI B 95% CI
County-level predictors
Health behavior composite 0.11%* [0.02, 0.21] 0.16%* [0.09, 0.24]
March baseline —0.32%* [-0.38, —0.26] 0.05 [-0.02,0.12]
Population size 0.10* [0.02, 0.19] -0.01 [-0.07, 0.05]
Rurality —0.10%* [-0.16, —0.06] —0.28%* [-0.33, —0.24]
Household income 0.46** [0.39, 0.54] 0.16%* [0.11, 0.22]
Education 0.23%* [0.18,0.27] 0.37** [0.31, 0.43]
Age 0.08** [0.03,0.14] 0.07* [0.02, 0.13]
Ethnicity —0.17%* [-0.27, -0.07] —0.08* [-0.15, -0.01]
Gender 0.01 [-0.02, 0.03] -0.00 [-0.04, 0.04]
State-level predictors
Stay-at-home order issued 0.50%* [0.31, 0.69] 0.30* [0.06, 0.54]
Population size -0.01 [-0.18,0.17] -0.00 [0.22,0.21]
Rurality 0.11 [-0.21, 0.44] 0.18 [-0.21, 0.57]

Models nested counties within states. “March baseline” represents the average of the outcomes over the first week of March. Rurality
is coded as percent of the county or state that is rural. Ethnicity is coded as percentage non-Hispanic whites. Education is coded as per-
cent with some college education. Gender is coded as percentage women. “Stay-at-home order issued” assessed whether the state issued a

stay-at-home order.
*p <.05.
**p <.01.

Table 3. Associations of movement with individual health behaviors in mixed effect models

Increase in % of people remaining
<1 mile from home

Decrease in vehicle miles traveled

N =22858 B 95% CI B 95% CI
Smoking status 0.00 [-0.08, 0.09] 0.05 [-0.03,0.12]
Obesity 0.20%* [0.13,0.26] 0.18** [0.13,0.23]
Physical activity 0.16** [0.08, 0.25] 0.21%* [0.15,0.27]
Flu vaccination rate 0.05 [-0.01, 0.11] 0.05* [0.00, 0.10]
Mammography screening rate -0.03 [=0.09, 0.02] 0.02 [=0.05, 0.08]

All health behaviors are coded such that greater values represent more health-protective behaviors.

*p <.05.
) < 01,

social distaining behaviors. These models emphasize that
people’s behavior results from a combination of their in-
dividual decision-making and context of their family,
neighborhood, and community. For example, percep-
tions of social norms play a powerful role in people’s
health behaviors, based in part on which behaviors they
perceive as normative [24]. The formal and informal
groups people identify with (e.g., religious groups, pol-
itical party identification, neighborhoods) likely im-
pact their perception of social distancing and resulting

behavioral choices. Outlining each model of health be-
havior and how it might apply to social distancing from
a theoretical perspective is beyond the scope of this
study, but the existing literature presents ample oppor-
tunity to make use of accumulated empirical and theor-
etical knowledge to promote social distancing [12, 15]
during the current pandemic.

Health behaviors predicted changes in movement
when accounting for a variety of demographic and
socioeconomic covariates, though the sizes of these
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effects were attenuated. This attenuation is unsur-
prising given the degree to which demographic and
socioeconomic characteristics are associated with health
behaviors. For example, socioeconomic disadvantage is
associated with smoking, physical inactivity, and obesity
[25]. Our results extend these findings to social distancing
behavior, as assessed by reduced movement outside the
home. Socioeconomic disadvantage at the county-level,
assessed by lower county-level household income and
education levels, was associated with less of a reduc-
tion in movement outside the home. It is likely that the
mechanisms proposed to explain socioeconomic dispar-
ities in health behaviors—such as differences in com-
munity opportunities or resources for health behavior
change [25]—are responsible for disparities in county-
level movement. For example, counties with greater
socioeconomic disadvantage could have more residents
with jobs in essential businesses (e.g., gas stations, gro-
cery stores, healthcare), necessitating more movement
outside the home. Alternatively, residents in such coun-
ties could have smaller homes and less access to outdoor
spaces, which would require more movement to engage
in safe recreational activities. The current study did not,
however, examine the causes of disparities in movement
behavior. The large literature examining socioeconomic
disadvantage and health behaviors [25] would be useful
in developing methods to reduce disparities during the
current pandemic. Effective interventions would be par-
ticularly important in socioeconomically disadvantaged
counties, given associations of disadvantage with poorer
health status and less access to healthcare [26].

We found that county-level measures of health be-
haviors, demographics, and socioeconomic status were
associated with changes in two movement behaviors.
However, the extent to which these movement outcomes
correspond to the constellation of all possible social
distancing behaviors is unknown. For example, we do
not know the number of close physical contacts people
experienced based on their vehicle miles traveled. Future
study of the link between these outcomes and infection
or mortality rates from COVID-19 would provide evi-
dence as to which measure of movement behavior is more
valuable for informing public health practice during the
current pandemic. Regardless of which measure is ultim-
ately more useful, the rapid speed at which these data
become available—both Cuebiq and Streetlight Data
publish daily estimates with only a 3-day lag period—
makes these measures a promising ongoing method to
predict areas that might be at risk of increased rates of
infection. These data also have the advantage of avoiding
issues with self-presentation bias that might affect self-
reported adherence to social distancing behaviors.

The current findings are relevant to public health
policy at both a theoretical and practical level. The

results provide evidence that interventions attempting
to reduce people’s movement to limit the transmission
of the SARS-CoV-2 coronavirus, and during future
pandemics, would benefit from drawing on evidence
from past public health interventions targeting conven-
tional health behaviors [18]. Social distancing is likely
to remain the primary method of limiting infections
to prevent hospitals from becoming overwhelmed until
an effective vaccine is developed [27], and maintaining
such behaviors will require a wide array of public health
actions [29]. Behavioral medicine could play a key role
in guiding public health policies for social distancing
by promoting methods supported by decades of estab-
lished theoretical and empirical research. For example,
intervening on many levels—such as the individual,
neighborhood, and societal level—would likely be more
successful than attempts to address only a single level [21,
28]. Even once vaccines are developed, tested, and found
to be effective, vaccinating the massive numbers needed
to achieve herd immunity—likely in the hundreds of mil-
lions in the USA alone—will be a massive undertaking.
These efforts could be informed by behavioral medicine
approaches used to increase the rate of flu vaccinations
[29], particularly among at-risk groups [30-32]. Both
prior to a vaccine and once a vaccine is developed, our
findings provide empirical evidence supporting the value
in applying current evidence on health behavior change
(e.g., the NIH-funded Science of Behavior Change) to
the promotion of social distancing behaviors.

At a practical level, this work suggests that counties in
which people are at greater medical risk of hospitalization
and death as a result of COVID-19 are also the counties
that reduced their movement outside the home the least
in response to the pandemic. The health behaviors asso-
ciated with less of a reduction in movement, particularly
obesity and physical activity, are also associated with in-
creased risk of chronic diseases, including lung diseases
[33], diabetes [34], and cardiovascular diseases [35]. These
chronic conditions also predict poorer COVID-19 prog-
nosis [35]. Targeting people living in counties with un-
healthier behaviors—particularly high levels of obesity
and physical inactivity—using more intensive public
health interventions could be a cost-effective method
to promote social distancing and reduce morbidity and
mortality from COVID-19. In addition, hospitals serving
catchment areas that include counties with unhealthier
behaviors—and likely more people with associated
chronic diseases—might expect an outsized proportion
of future hospitalizations due to COVID-19 compared
with counties with healthier behaviors.

The results of this study should be understood in
terms of its limitations. First, the study examined object-
ively measured movement but did not examine a number
of other social distancing behaviors, such as the specific
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number of close-proximity contacts (e.g., <6 ft) people had
outside their homes. It is possible for people to travel out-
side their home and maintain social distancing principles.
Although we expect other measures of social distancing
to be highly correlated with movement outside the home,
future work linking movement to viral transmission vec-
tors would benefit our understanding of how movement
is tied to risk of infection. Second, the current study was
correlational—these methods do not allow us to draw
causal conclusions. The association between movement
and conventional health behaviors could be explained by
a number of alternative variables, such as local infection
rates, people’s perceptions of their at-risk status, or people’s
employment status. Importantly, our results do not claim
that health behaviors cause differences in movement, but
instead tested the extent to which social distancing be-
haviors were associated with conventional health behav-
iors, with the goal of providing evidence as to the value in
treating social distancing as a conventional health behavior.

Third, this study assessed county-level movement,
not individual-level outcomes. The results need to be
interpreted cautiously, lest we commit the ecological
fallacy [36, 37] and assume that what is observed at
the county-level can be interpreted in individual-level
terms. Future studies would benefit from examining
the extent to which conventional health behaviors
are associated with social distancing behaviors, as
well as how well movement behavior and other social
distancing behaviors (e.g., staying >6 ft away from
others, avoiding crowds) correlate within individuals.
Ongoing cohort studies that are initiating rapid as-
sessment of social distancing behaviors [38] and pos-
sess data on prior health behaviors would be an ideal
source for such data. Questions assessing other types
of social distancing behaviors in addition to move-
ment outside the home would enable future studies to
test the extent to which these social distancing behav-
iors are associated among individuals.

Conclusions

The current study examined the association between
objectively measured movement outside the home
and conventional health behavior indicators during
the COVID-19 pandemic. The results of this study
provide empirical evidence that social distancing be-
havior—in the form of reduced movement outside the
home—is associated with conventional health behav-
iors. Public health efforts promoting social distancing
would benefit from applying prior theoretical and em-
pirical study of health behavior and health behavior
change to social distancing behaviors during the cur-
rent pandemic.

Supplementary Material

Supplementary material is available at Annals of Behavioral
Medicine online.
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