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Using newly available smartphone mobility data, several recent studies document partisan gaps in compliance
with COVID-19 social distancing orders. By relying on cross-county variation in election results and mobility
measures, these studies may fail to isolate partisan effects from contemporaneous COVID trends due to
spatial confounds: mobility and voting data are aggregated to the county-level, and nine of the ten earliest-hit
counties were heavily Democratic. We extend these analyses by merging individual-level geolocation data
for ten million smartphones with nationwide precinct-level vote counts, allowing us to estimate partisan
differences in compliance with COVID restrictions by comparing Democratic and Republican voters living
in close proximity and within the same county. By May 2020—when ninety percent of Americans were
under a stay-at-home order—likely Clinton voters reduced travel outside the home by twice as much as
their Trump-voting neighbors, and were significantly more likely to remain at home throughout the day.
This gap survives aggressive geographic controls and remains one of the strongest predictors of stay-at-home
compliance, confirming that strong partisan effects are not the result of spatio-temporal covariates.
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1.

Introduction

In an effort to mitigate the spread of COVID-19, most state and local governments enacted a
portfolio of social distancing policies including, by early April 2020, mandatory stay-at-home
orders (SHOs) in forty-five U.S. states and the District of Columbia. Together with traditional epidemiological modeling, correlational evidence suggests that social distancing substantially reduces
SARS-CoV-2 transmission (Fang et al. 2020, Friedson et al. 2020, Harris 2020, Jia et al. 2020,
Thakkar et al. 2020). Despite some early bipartisan agreement on COVID—96% of Republicans
and 94% of Democrats supported international travel restrictions in March 2020, and more than
80% of both groups viewed COVID as a major threat to the U.S. economy (Pew Research Center
2021a)—SHOs quickly became politically polarized. By early May 2020, 69% of Democrats and
49% of Republicans considered SHOs effective (Funk et al. 2020). The growing partisan divide in
attitudes towards COVID, non-pharmaceutical behavioral interventions, mask-wearing, and vaccination have highlighted how political identity has become a large driver of socially important
behaviors (Pew Research Center 2021a).
1
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To examine the extent to which political partisanship might affect actual high-stakes behavior,
we combine device-level geolocation data for more than ten million U.S. smartphones with precinctlevel voting data across approximately 170,000 precincts for the 2016 U.S. presidential election. We
estimate the effect of likely political affiliation on SHO compliance using individual-level differencein-difference-in-differences specifications. In other words, we compare measured compliance with
stay-at-home orders between likely Trump and Clinton voters living in nearby precincts within the
same county, who therefore face identical government restrictions and, importantly, similar COVID
transmission risk. We quantify the partisan wedge in SHO compliance using two complementary
measures of social distancing, and compare their sizes with other demographic factors (e.g., income,
education, race) that may also drive compliance.
Heterogeneity in adherence to social distancing mandates may stem from variations in local
infection rates and healthcare capacity, differences in perceived transmission risk, and misinformation or mistrust in government-issued orders, potentially exacerbated by selective media exposure
(Andersen 2020, Bursztyn et al. 2020). As the consequences of political polarization spill over to
public health domains, partisan identity has become increasingly important in shaping perceptions
and behavior towards the pandemic. Survey evidence indicates that partisan identity strongly correlates with attitudes towards COVID risk and acceptance of social distancing guidelines (Bursztyn
et al. 2020, Kushner Gadarian et al. 2020). Republican governors issued distancing policies 1.7
days later, on average, than their Democrat counterparts, a delay that reached 2.7 days in states
with a large Trump electorate, even after controlling for local COVID case counts (Adolph et al.
2021). Google searches for COVID-related terms were lower in Trump-majority counties, although
this difference attenuated following reports of self-quarantining by prominent Republicans (Barrios
and Hochberg 2020). In late April 2020, 38% of Republicans and 5% of Democrats reported that
“strict shelter-in-place measures are placing unnecessary burdens on people and the economy and
are causing more harm than good” (Kirzinger et al. 2020). By late July 2020, 43% of Democrats
and 16% of Republicans reported that their states were opening too quickly, and more than 90% of
Democrats rated the federal government’s response as fair or poor, compared to 42% of Republicans (Hamel et al. 2020). Most recently, 85% of Democrats and 56% of Republicans reported that
they have received, or planned to receive, a coronavirus vaccine (Pew Research Center 2021b).
Partisan perceptions toward COVID appear to translate into actual behavior differences. Several
studies document partisan gaps in social distancing using county-level geolocation data, including
frequency of visits to public points of interest (Allcott et al. 2020), average daily distance traveled
(Barrios and Hochberg 2020), or the proportion of residents remaining entirely at home (Painter
and Qiu 2020). Compliance with state-issued distancing orders further dropped among residents
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in the opposing political party as their state’s governor (Painter and Qiu 2020), an observation
supported by survey data (Cornelson and Biloucheva 2020).
Accurately estimating the degree to which partisan identity or demographics modify social distancing behavior is a challenging empirical question. Previous studies rely on geolocation data
aggregated to the U.S. state (Abouk and Heydari 2020, Friedson et al. 2020) or county (Alexander
and Karger 2021, Allcott et al. 2020, Engle et al. 2020, Gollwitzer et al. 2020, Grossman et al. 2020).
Most closely related to our study, Allcott et al. (2020) examine visits to U.S. points of interest using
smartphone foot-traffic data to measure partisan differences in social-distancing behavior, with
both movement and political measures aggregated to the U.S. county-level. Grossman et al. (2020)
examine county-level movement data in Republican- versus Democrat-leaning counties, but focus
on differential responses to Twitter posts by the governor encouraging social distancing. While
these timely studies demonstrated large cross-county differences in COVID responses, county-level

Figure 1

Spatial boundaries of comparison groups within and across counties in the New York City metro area.

Points A and B represent individuals in different counties and states (Westchester, NY and Fairfield, CT) but with
similar precinct Trump vote shares. Points C and D represent individuals in the same county (Nassau, NY) but in
precincts with differing Trump vote shares. Controlling for geohash-3 regions (delineated by green lines) restricts
comparisons to individuals living within close geographic proximity; controlling for counties compares individuals
facing common COVID restrictions; and individual fixed-effects controls for both local COVID risk and restrictions.
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correlations between partisanship and COVID responses leave room for potential confounds as epidemic severity and trends are strongly spatial. In particular, Democrat-leaning counties accounted
for more than 75% of all COVID cases during March and April 2020 (Figure A2). Without subcounty data, it is difficult to estimate the extent to which county-level differences in stay-at-home
compliance are due to differential local COVID transmission risks, or partisanship. We address this
measurement problem by analyzing geospatial movement at an individual level —rather than at a
county level —mitigating this key potential confound by restricting comparisons to Democrats and
Republicans residing in neighboring voting precincts within the same county, who thus face similar
exposure risks, local mandates, and political leaders, as illustrated in Figure 1.

2.
2.1.

Methods
Data Summary

We utilize four primary datasets in our analyses: (1) individual-level smartphone GPS location
data, (2) 2016 U.S. presidential election precinct-level voting results, (3) COVID-related state and
county social distancing policies, and (4) census block-group demographics from the 2017 American
Community Survey. In Figures 3 and A2, we also report cumulative confirmed COVID diagnoses
at the county-level as of May 1, 2020 (The New York Times 2020).
Our device-level smartphone GPS data is from Veraset, a company that aggregates anonymized
GPS data from smartphone applications. The dataset is comprised of smartphone “pings”, which
records a phone’s unique ID, geolocation and timestamp. Pings are logged at irregular time intervals
whenever a participating smartphone application requests location information. The modal time
interval between two pings for a device is approximately 10 minutes. Our sample includes pings
from February 16 through April 30, 2020. To ensure our sample includes only users who we observe
consistently and reliably over the study period, we exclude smartphone-day observations with fewer
than 10 location pings and users with fewer than 20 observations in the critical period of March
and April 2020, resulting in 10,139,693 unique smartphones spanning the continental U.S. We infer
each smartphone user’s home area based on the phone’s modal location between 10:00 pm and 6:00
am over the sample period. We use this device-level GPS data to construct two individual-level
mobility measures: (1) daily travel distance outside the home computed as the total distance (i.e.,
the path integral) between all consecutive pings in a day, and (2) a binary variable indicating
whether the user remained entirely at home in a day. The final dataset includes more than 400
million person-day observations.
Precinct-level voting data, collected through internet scraping and electoral authorities, records
the vote share won by Donald Trump in the 2016 U.S. presidential election for 172,098 precincts
across 99.9% of counties nationally (Rohla 2018). We link each smartphone user’s home location
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to their precinct’s 2016 two-party vote share to proxy for a user’s political affiliation. The precinctlevel voting data provides voting outcomes at the finest spatial aggregation publicly reported
(Rohla 2018) and is thus critical in comparing likely Trump voters and Clinton voters living in the
same geographic region. Our approach for combining individual smartphone pings with election
data is similar to prior work estimating the effect of post-election partisanship on the duration of
Thanksgiving family meals (Chen and Rohla 2018), or the media-driven emergence of a partisan
divide in hurricane evacuation behavior (Long et al. 2020).
Data on county-level COVID restrictions include the dates when each specific policy took effect
(Stanford University 2020, Lee et al. 2020). We categorize policies into one of five groups: school
closures, non-essential business closures, public gathering restrictions, restaurant restrictions, and
stay-at-home orders. Our identification strategy exploits variation in the timing and location of
policy enactment, allowing us to estimate the marginal effect of each policy on movement behavior.
While most policies were enacted at the state level, a small number were originally implemented
by individual counties (Stanford University 2020), and we use the county-level order date rather
than statewide date whenever it is available and whenever the county policy is enacted earlier. San
Francisco, for instance, closed all public schools on March 13, 2020; three days later, seven counties
in the San Francisco Bay Area issued mandatory stay-at-home orders. On March 19, California
issued the nation’s first statewide stay-at-home order, more than two weeks before similar orders
were issued in Alabama, Florida, Georgia, Maine, Mississippi, Missouri, Oklahoma, South Carolina,
and Texas.
2.2.

Empirical Specifications

We specify two triple-difference models to estimate the degree to which a newly enacted COVIDrelated government restriction (e.g., a stay-at-home order) differentially reduces movement of individual residents living in Democrat-leaning or Republican-leaning precincts. Our first regression
specification is as follows:
Distanceit = β0 + β1 P olicyit + β2 P olicyit × T rumpV otei + αi + δt + it

(1)

Distanceit is the total distance traveled outside the home (i.e., the path integral traveled by a
smartphone, starting from and returning to home) by individual i on day t. As distance traveled is
non-negative and highly skewed, we calculate Distanceit as the inverse hyperbolic sine of distance


p
traveled, where arsinh(x) = ln x + x2 + 1) . P olicyit is a vector of dummy variables for government distancing policies (stay-at-home orders, gathering restrictions, school closures, restaurant
closures, and non-essential business closures) that are in-place for individual i’s county on day t.
We proxy for individual i’s political affiliation using T rumpV otei , the two-party vote share won
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by Donald Trump in individual i’s home precinct in the 2016 U.S. presidential election. We include
fixed effects for individual i (αi ) and day t (δt ). To facilitate comparisons with other studies, we
also include fixed effects at the county or Geohash-3 level, a 150km × 150km square grid.
In addition to distance traveled, we measure a binary variable, AtHomeit , indicating whether
individual i’s smartphone remained at home for the entirety of day t. Assuming a linear probability
model, we obtain our second triple-difference specification:
AtHomeit = β0 + β1 P olicyit + β2 P olicyit × T rumpV otei + αi + δt + it

(2)

The above regressions estimate the causal effect of social distancing policies on reducing resident
movement outside the home, or increasing the probability of remaining entirely at home. These
specifications address several important threats to identification. The individual fixed effects control
for any time-invariant individual characteristics that both directly affect baseline mobility (e.g.,
limited physical mobility, family characteristics) and sort individuals into counties with differing
demographics and policies that correlate with COVID risk exposure. The date fixed effect accounts
for national trends or information that may affect policy compliance (e.g., COVID cases, hospital
bed availability).

3.
3.1.

Results
Government Restrictions

By April 30, 2020, average movement outside the home had declined by 70% from pre-pandemic
levels, as shown in Figure 2. Stay-at-home orders reduced movement by 15.6% (1 − e−0.170 =
0.156, p < 0.0001), amounting to one-half of the overall decline attributed to all social distancing
restrictions (Table 1, column 1). Other mandates generated smaller yet statistically significant
reductions in movement outside the home: gathering restrictions (2.1% reduction, p < 0.0001),
non-essential business closures (9.4% reduction, p < 0.0001), restaurant closures (4.6% reduction,
p < 0.0001), and school closures (2.9% reduction, p < 0.0001). The proportion of individuals each
day staying entirely at home also increased by 3.6 percentage-points (pp) following a stay-at-home
order (Table 1, column 3), with smaller increases following other orders: gathering restrictions (0.4
pp, p < 0.0001), non-essential business closures (2.8 pp, p < 0.0001), restaurant closures (1.0 pp,
p < 0.0001), and school closures (0.8 pp, p < 0.0001).
Across all states, the average distance traveled outside the home declined by more than 50%—
even before each state’s stay-at-home order was enacted—suggesting that residents voluntarily
curtailed movement in response to the growing pandemic (Figure 2). These findings are broadly
consistent with studies on aggregated smartphone data, across multiple mobility metrics such as
median time at home (Grossman et al. 2020). Other government restrictions on large gatherings
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and non-essential business and school closures played a sizeable role in reducing movement in some
regions, including the District of Columbia, Indiana, Nevada, and Georgia, as depicted in Figure
3. Other states witnessed smaller reductions following such restrictions, either because SHOs were
also enacted quite early, as was the case in Delaware, Illinois and Michigan, or because business
closures coincided with a statewide SHO, which occurred in Idaho. At the state-level, aggregate
compliance with government social distancing orders is clearly correlated with political leanings
(Figure 3), but we further test this association using within-county variation in election results.
3.2.

Political Partisanship

Our main diff-in-diff-in-diff estimates of SHO compliance by political affiliation are given in Table
1, columns 2 and 4. Following a stay-at-home order, likely Clinton voters reduced distance traveled
outside the home by 21% (p < 0.0001) whereas Trump voters reduced distance by 9% (p < 0.0001).
Similarly, stay-at-home orders causally increased the proportion of days at home among Clinton
voters by 4.3 pp versus 2.7 pp among Trump voters.
Of the government restrictions we examine, large-group gathering restrictions and stay-at-home
orders inherently presented greater latitude for individual decision-making around compliance.
Business, restaurant, and school closures, on the other hand, were more systematically enforced, and
therefore less subject to individual non-compliance. Consistent with this, we find a large partisan
wedge in compliance with stay-at-home orders and gathering restrictions, both in terms of distance
traveled and proportion of individuals remaining at home, but more muted gaps following formal
closures of businesses, restaurants, and schools.
Nearly 75% of statewide SHOs occurred within two weeks of mandatory school, restaurant, and
non-essential business closures (Stanford University 2020, Lee et al. 2020). Consistent with other
studies (Abouk and Heydari 2020, Friedson et al. 2020), we find that, in the early phases of the
pandemic, residents of Democrat-leaning states responded more strongly to social distancing orders
as indicated in Figure 3. By April 30, 2020, New Jersey and New York, for instance, witnessed
net reductions in movement of nearly 80%, perhaps unsurprisingly as these states accounted for
40% of all U.S. cases. In contrast, the 14 states with the lowest aggregate compliance to all social
distancing orders were all won by Donald Trump in 2016.
Current partisanship is highly correlated with demographics, particularly education, income,
and race. Comparing likely political affiliation to other key demographics in a set of multivariate
regressions in Table 2 reveals larger changes in behavior following a stay-at-home order among
wealthier, older, urban, more educated, and non-white Americans. Controlling for these covariates,
the partisan divide in SHO compliance attenuates but remains significant across both measures.
Mapping the changes in travel outside the home before and after a SHO highlights the visual
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(a) Average distance in Trump- and Clinton-majority precincts

(b) Average distance in each U.S. state, split into Trump- and Clinton-majority precincts

Figure 2

Average daily travel distance before and after stay-at-home orders, normalized to movement 35 days
before each state’s order was enacted.
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State-level estimates of social distancing effectiveness.

Effectiveness estimates are derived from linear difference-in-difference regressions of stay-at-home and all orders (stayat-home, gathering restrictions, and school, business and non-essential business closures). Total confirmed cases by
state as of April 30, 2020 are given.
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correlation between Democrat-leaning regions that were most afflicted by COVID in March and
April 2020 and travel distance reductions, as illustrated in Figure A1.
Early on, the COVID pandemic was highly spatially correlated—with local pandemic policies
responding to differential transmission risks—and our primary regressions control for both sets of
confounds using individual-level fixed effects. To delineate the relative contributions of COVID risks
and local policies on partisan decision-making (Figure 1), we relax our person-level fixed effects
and instead control for either geographic area or political boundary. In Table A1, we compare SHO
compliance among individuals living within the same Geohash-3, a 150km × 150km square grid
(columns 1 and 3), or county (columns 2 and 4). Following a stay-at-home order, our triple-diff
estimates for the partisan gap in SHO compliance increase slightly when comparing residents of
different political precincts living in the same county, but decrease slightly when comparing within
Geohash-3. Of note, these specifications rely on weaker spatial controls but find results consistent
with our earlier regressions.

4.

Discussion

Combining device-level smartphone location data with precinct-level election data, this study documents significant partisan differences in response to COVID-related stay-at-home orders, even when
comparing nearby residents living within the same county or Geohash-3. After the enactment of a
local stay-at-home order, Democrats reduced their daily movement by 21% compared to only a 9%
reduction among Republicans. This gap is significant and persists, even after accounting for differences in local risk exposure, demographics, and other regional or person-specific effects, suggesting
that continued political polarization directly affects behavior in the public health domain, and may
consequently affect rates of illness within polarized communities. Interestingly, both Trump and
Clinton voters reduced movement to a similar extent before formal SHO mandates were enacted,
but likely Trump voters were significantly less responsive after the orders were announced. This
suggests that most people altered their behavior in a manner commensurate with their perceived
infection risk at the onset of the pandemic, whereas responses to official government policies were
filtered through a partisan lens.
Accurate evaluation of partisan differences in COVID-19 restriction adherence has been challenged by the lack of fine-grained movement and voting data to effectively account for local trends
in transmission risk. While other studies examine partisan patterns in social distancing behavior,
our study adds to this growing literature and offers several distinct advantages. Our study is the
first attempt to measure mobility patterns and political variation at a granular level, highlighting
the utility of smartphone device-level data, particularly when an emerging epidemic disproportionately afflicts urban, coastal counties. As highlighted in Figure A2, of the ten counties hardest hit by
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the pandemic in the beginning, all but Suffolk, New York were won by Hillary Clinton in 2016, with
an average two-party vote share of 72%. This skew in the severity of the early pandemic towards
Democratic areas resulted in prior studies mis-estimating the effect of political polarization on
adherence to social distancing policies. Rather than rely on cross-county comparisons, our study
compares movement of residents within a county, but who display different political leanings.
Second, concerns about smartphone travel distance serving as a poor proxy of SHO compliance in
less densely populated areas (Grossman et al. 2020) are mitigated in our study given our inclusion of
person-level fixed effects. Our second specification using a binary outcome for whether an individual
is home all day is also immune to geographic differences in baseline travel distances. We explicitly
measure individual movement—before and after social distancing orders were enacted—for more
than 10 million U.S. residents, avoiding the need to aggregate movement outcomes to a higher
spatial level.
Finally, measuring aggregate visits to public points of interest (e.g., retail stores, restaurants,
movie theaters) following a statewide stay-at-home order may overestimate compliance (Allcott
et al. 2020), as most public locations were physically closed by that point. By using a travel
distance-based metric instead, we also capture other categories of movement, such as visits to
friends or family, outdoor parks, local sporting events, etc.
Our study has several limitations. Our research focuses on government-enacted social distancing mandates, and thus does not account for voluntary business closures, which may prompt
nearby businesses to similarly close (de Vaan et al. 2021). As such, our estimates of the impact of
non-essential business closures on movement outside-the-home may underestimate the true effect
if businesses voluntarily closed before a mandate was issued. Although our smartphone data is
representative of the 80% of Americans who own a smartphone, our sample inherently excludes
individuals without a smartphone, which may affect estimates of demographic predictors of SHO
compliance. We focus on the narrow period of February 16 to April 30, 2020 to examine the
initial enactment of social distancing orders. Whether such partisan behavior differences persist
throughout the pandemic is a remaining question.
Our approach of combining individual-level smartphone mobility with demographic and political
data offers a useful framework for policymakers to evaluate differential compliance with pandemic
restrictions. Such a granular view is particularly important when trends in infection risk, testing
capabilities, vaccine allocations, and hospital resources differ significantly by geographic region,
complicating causal estimation of the effects of government policies.
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Table 1

Effect of government orders on individual-level smartphone movement.

Distance Traveled

At Home

Independent variable

(1)

(2)

(3)

(4)

Stay-at-Home Order

-0.170***
(0.000677)

-0.237***
(0.00161)

0.0360***
(0.000131)

0.0427***
(0.000301)

Gathering Restrictions

-0.0215***
(0.000606)

-0.0500***
(0.00145)

0.00415***
(0.000115)

0.0118***
(0.000265)

Business Closures

-0.0990***
(0.000701)

-0.0780***
(0.00177)

0.0275***
(0.000139)

0.0143***
(0.000341)

Restaurant Closures

-0.0466***
(0.000772)

-0.0884***
(0.00182)

0.00966***
(0.000145)

0.0177***
(0.000331)

School Closures

-0.0290***
(0.000735)

-0.0426***
(0.00158)

0.00800***
(0.000132)

0.0180***
(0.000281)

Stay-at-Home Order × Trump Vote

0.144***
(0.00263)

-0.0153***
(0.000483)

Gathering Restrictions × Trump Vote

0.0486***
(0.00255)

-0.0142***
(0.000457)

Business Closures × Trump Vote

-0.000648
(0.00297)

0.0167***
(0.000567)

Restaurant Closures × Trump Vote

0.0797***
(0.00307)

-0.0156***
(0.000545)

School Closures × Trump Vote

0.0240***
(0.00273)

-0.0189***
(0.000483)

Fixed Effects
Observations
R2

Person, Date Person, Date Person, Date Person, Date
423,803,900 423,535,611 423803,,900 423,535,611
0.446
0.446
0.349
0.349

Each column is a difference-in-differences regression estimating the effect of government social distancing orders
on individual-level movement. Dependent variable is daily distance traveled outside the home, measured in arsinh
meters (columns 1-2), or an indicator if an individual is entirely at home for the day, assuming a linear probability
model (columns 3-4). Trump Vote is the precinct-level two-party vote share won by Donald Trump in 2016. All
reported effect sizes are marginal net of all other orders. Smartphone-user fixed effects control for time-invariant
demographics, and date fixed effects control for day-to-day changes in aggregate movement. Standard errors are
clustered at the smartphone-user level and reported in parentheses with significance levels: *p < 0.01, **p < 0.001,
***p < 0.0001.
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Partisan and demographic predictors of stay-at-home compliance.

Distance Traveled
Independent variable
Stay-at-Home Order × Trump Vote

At Home

(1)

(2)

(3)

(4)

0.253***
(0.00189)

0.120***
(0.00288)

-0.0368***
(0.000381)

-0.0114***
(0.000595)

Stay-at-Home Order × Pop. Density

-0.00358***
(0.0000477)

0.000802***
(0.0000103)

Stay-at-Home Order × Age

-0.00208***
(0.0000523)

0.000535***
(0.0000107)

Stay-at-Home Order × Income

-0.0248***
(0.000182)

0.00957***
(0.0000394)

Stay-at-Home Order × Bach. Degree

-0.334***
(0.00534)

0.0988***
(0.00114)

Stay-at-Home Order × Grad. Degree

-0.229***
(0.00634)

-0.0314***
(0.00135)

Stay-at-Home Order × Black

-0.0391***
(0.00298)

0.0111***
(0.000601)

Stay-at-Home Order × Hispanic

-0.130***
(0.00262)

0.0493***
(0.000551)

Stay-at-Home Order × Asian

-0.481***
(0.00565)

0.125***
(0.00125)

Controls for Govt. Restrictions
Fixed Effects
Observations
R2

Yes
Yes
Yes
Yes
Person, Date Person, Date Person, Date Person, Date
423,535,611 416,243,188 423,535,611 416,243,188
0.446
0.447
0.349
0.350

Each column is a difference-in-differences regression estimating partisan and demographic predictors of compliance
to government stay-at-home orders. Dependent variable is daily distance traveled outside the home, measured in
arsinh meters (columns 1-2), or an indicator if an individual is entirely at home for the day, assuming a linear
probability model (columns 3-4). Trump Vote is precinct-level two-party vote share won by Donald Trump in 2016.
All other demographics are from the 2017 American Community Survey, reported at the Census block-group level.
Population density is thousands of residents per square mile; Age is median household age in years; Income is median
annual household earnings in units of $10,000. Education (No/some college, Bachelor’s degree, Graduate degree),
and Race (White, Black, Hispanic, Asian) are proportions within a block-group. All regressions include controls
for other government orders: gathering restrictions, and non-essential business, restaurant, and school closures.
Smartphone-user fixed effects control for time-invariant demographics, and date fixed effects control for day-to-day
changes in aggregate movement. Standard errors are clustered by smartphone-user and reported in parentheses with
significance levels: *p < 0.01, **p < 0.001, ***p < 0.0001.
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Appendix. Supplementary Figures and Tables
We merge our own precinct-level vote counts for the 2016 U.S. presidential election, to construct the
two-party vote share won by Donald Trump or Hillary Clinton (Rohla 2018). Using smartphone device-level
geolocation data, we compute average daily distance traveled (arsinh meters) before and after stay-at-home
orders are enacted, and aggregate these values to larger geographical units.
Figure A1 shows the change in daily movement and two-party vote share, by county (in less densely
populated areas) or PUMA (in more densely populated areas), to provide a visual correlation between the
two measures. A PUMA, or Public Use Microdata Area, is a Census-designated sub-state grouping with at
least 100,000 residents.
Figure A2 shows county-level COVID cases as of April 30, 2020, by aggregate election results.
Table A1 provides the triple-diff regression results, assuming Geohash-3 or county-level fixed effects.
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(a) Changes in movement (Northeast)

(b) 2016 Election results (Northeast)
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(c) Changes in movement (Southeast)

(d) 2016 Election results (Southeast)
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(e) Changes in movement (Great Lakes)

(f) 2016 Election results (Great Lakes)
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(g) Changes in movement (Texas)

(h) 2016 Election results (Texas)
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(i) Changes in movement (West coast)

(j) 2016 Election results (West coast)

Figure A1

Changes in movement following COVID-19 stay-at-home orders (top panels) and 2016 presidential
election results (bottom panels).
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Figure A2

Total confirmed COVID-19 cases among all U.S. counties as of April 30, 2020.
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Table A1

Effect of government orders on individual-level smartphone movement.

Distance Traveled

At Home

Independent variable

(1)

(2)

(3)

(4)

Stay-at-Home Order

-0.229***
(0.00250)

-0.245***
(0.00217)

0.0418***
(0.000423)

0.0444***
(0.000375)

Gathering Restrictions

-0.0576***
(0.00258)

-0.0427***
(0.00229)

0.0140***
(0.000419)

0.0110***
(0.000374)

Business Closures

-0.123***
(0.00293)

-0.0759***
(0.00255)

0.0161***
(0.000496)

0.0125***
(0.000442)

Restaurant Closures

-0.116***
(0.00316)

-0.153***
(0.00282)

0.0196***
(0.000509)

0.0257***
(0.000462)

School Closures

-0.0140***
(0.00285)

-0.0105***
(0.00252)

0.0145***
(0.000442)

0.0143***
(0.000399)

Trump Vote Share

0.951***
(0.00286)

0.793***
(0.00359)

-0.0167***
(0.000388)

0.00274***
(0.000499)

Stay-at-Home Order × Trump Vote

0.142***
(0.00408)

0.151***
(0.00366)

-0.0150***
(0.000683)

-0.0174***
(0.000624)

Gathering Restrictions × Trump Vote

0.0971***
(0.00466)

0.0400***
(0.00423)

-0.0217***
(0.000742)

-0.0139***
(0.000680)

Business Closures × Trump Vote

0.0604***
(0.00490)

-0.0101
(0.00443)

0.0175***
(0.000826)

0.0212***
(0.000760)

Restaurant Closures × Trump Vote

0.116***
(0.00550)

0.194***
(0.00495)

-0.0187***
(0.000872)

-0.0295***
(0.000798)

School Closures × Trump Vote

-0.0358***
(0.00491)

-0.0359***
(0.00456)

-0.0135***
(0.000759)

-0.0115***
(0.000714)

Fixed Effects
Observations
R2

Geo-3, Date County, Date Geo-3, Date County, Date
423,535,611 423,535,611 423,535,611 423,535,611
0.0649
0.0678
0.0547
0.0563

Each column is a difference-in-differences regression estimating the effect of government social distancing orders
on individual-level movement. Dependent variable is daily distance traveled outside the home, measured in arsinh
meters (columns 1-2), or an indicator if an individual is entirely at home for the day, assuming a linear probability
model (columns 3-4). Trump Vote is the precinct-level two-party vote share won by Donald Trump in 2016. All
reported effect sizes are marginal net of all other orders. The sample includes 487 geohash-3 regions (a 150km ×
150km square grid) and 3,108 counties (or county equivalents), with fixed effects controlling for local COVID risks
or government policies. Date fixed effects control for day-to-day changes in aggregate movement. Standard errors are
clustered at the smartphone-user level and reported in parentheses with significance levels: *p < 0.01, **p < 0.001,
***p < 0.0001.

