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Political partisanship has been on the rise in the United States 
and across the world. People in the political minority are 
afraid to reveal their political identity1, people view the oppos-

ing party more unfavourably than ever before2, and partisan echo 
chambers abound both in person and online3–5. Partisanship also 
substantially impacts behaviour6,7. For instance, people’s choices 
of where to work, live, and shop are driven by political identity as 
much as they are by religion8; partisan attachments distort memory 
for political events9; and political homophily is as influential as edu-
cational homophily in online dating10. Furthermore, an estimated 
81 million Americans reported arguing about politics with close 
friends and family after the 2016 election11, and 34 million hours 
of Thanksgiving dinner conversation may have been lost in 2016 
due to partisan differences between hosts and guests12. Exacerbating 
these partisan differences, social media discourse has the potential 
to increase political polarization13,14, and slanted news outlets tan-
gibly impact voting decisions15. In the current era of polarization, 
then, differences in partisan identity appear to influence a wide 
variety of social judgements and behaviours16.

The coronavirus pandemic provides a unique test of the limits 
of political partisanship and identity. Does an international crisis 
threatening substantial loss of life and prolonged economic hard-
ship bring people together in a bipartisan manner? Or, does even 
a public health crisis of such great magnitude become subject to 
partisanship? This is a particularly important issue because partisan 
polarization during a pandemic could lead people to engage in vary-
ing health behaviours17. For instance, tuning in to right-wing news 
(such as Fox News) might communicate very different information 
about the risks of the pandemic—and how to prevent its spread—
than more left-leaning sources (such as MSNBC). Similarly, political 
leaders from different parties might communicate different levels of 

risk or fail to model prudent health behaviours (for example, wear-
ing a mask). These factors could then lead partisans to behave dif-
ferently during a pandemic, which could in turn have important 
downstream consequences in terms of infection and mortality.

Numerous polls have found a partisan gap in perceptions of  
risk and support for preventative health behaviours during the 
COVID-19 pandemic. For instance, an NBC News/Wall Street 
Journal poll conducted from 11–13 March 2020 found that 68% of 
Democrats reported worrying that someone in their family could 
catch the virus, compared with 40% of Republicans18. Furthermore, 
nationally representative Gallup polls documented that Republicans 
were less likely to report practising physical distancing in the pre-
vious 24 h than Democrats (7–23 March 2020: ~78 versus ~90%), 
and this gap strengthened with time through mid-June (8–14 June: 
~48 versus ~89%)19. Finally, several studies surveying Americans 
on online data collection platforms have shown that self-identified 
conservatives are less likely to endorse a variety of physical distanc-
ing measures (for example, staying 6 feet away from others, wearing 
masks)20–22. These polls reflect a clear partisan gap in beliefs about 
the pandemic, but do they translate into real behaviour?

It remains unclear whether these polls reflect genuine parti-
san differences. Polls have substantial limitations. For instance, 
self-reported partisan differences may be driven by liberals respond-
ing in what they think is a socially appropriate manner, or conserva-
tives responding more honestly23,24. Additionally, partisan differences 
may reflect participants responding in ways they believe align with 
their political in-group and party leaders—known as political ‘cheer-
leading’25. And, even when people do express genuine attitudes, 
these attitudes often do not align with their actual behaviour26. To 
overcome these limitations, we tested whether the documented par-
tisan differences in responding extend to real-world behaviour.
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In the current pandemic, epidemiologists and public health offi-
cials have strongly encouraged people to physically distance from 
one another. Numerous studies have shown that physical distanc-
ing effectively stopped the exponential spread of COVID-19 at its 
onset, preventing the inundation of healthcare providers and saving 
numerous lives27–30. To determine whether physical distancing dif-
fers as a function of partisanship, we examined whether the politi-
cal leaning of over 3,000 counties in the United States is linked to 
the extent to which residents of those counties practised physical 
distancing behaviours during the first few months of the pandemic 
(March–May 2020). Specifically, we analysed the aggregated Global 
Positioning System (GPS) coordinates of approximately 15 mil-
lion people across the United States per day (tracked via smart-
phone location coordinates) to quantify the degree of physical 
distancing in each US county. Physical distancing was measured in 
terms of reduction in general movement and reduction in visiting 
non-essential services (for example, restaurants). Furthermore, to 
examine the association between party identity and public health, 
we tested whether partisan differences in physical distancing medi-
ate the relationship between partisanship and COVID-19 infection 
and fatality growth rates.

Critically, in testing these questions we anticipated that what 
could appear to be partisan differences in physical distancing may 
actually reflect social or economic third variables. For instance, lib-
eral areas in the United States experienced higher levels of COVID-
19 infections and fatalities at the start of the pandemic (early March 
2020) and thus may have perceived COVID-19 as more dangerous 
and engaged in greater preventative measures31. To account for this 
and other possible explanations, we included numerous covariates 
in our models when testing partisan differences in physical distanc-
ing and health outcomes.

results
Validation. We examined people’s physical distancing behaviours 
in 3,025 US counties between 9 March and 29 May 2020. Physical  
distancing was assessed via counties’ percentage reduction in general 
movement and percentage reduction in visiting non-essential ser-
vices (for example, barbers, restaurants, clothing stores) relative to the 
period before COVID-19 struck the United States with force (before 
9 March). The two physical distancing variables—general movement 
(mean (M) = 0.21, s.d. = 0.19; counties on average exhibited a 21% 
decrease in movement) and visiting non-essential services (M = 0.31, 
s.d. = 0.30; counties on average exhibited a 31% decrease in visiting 
non-essential services)—were calculated using approximately 15 mil-
lion daily smartphone GPS coordinates across the United States (see 
Methods and Supplementary Information for details).

We first validated the two physical distancing measures by 
examining whether distancing increased as COVID-19 began to 
spread across the United States (March to early April 2020) but then 
decreased as states began to reopen (late April to May 2020). All 
models reported below are three-level, mixed-effects models where 
observations are nested within counties and counties within states. 
For the validation analyses, we report models with random inter-
cepts of county and state and random slopes of linear and quadratic 
time (fitted using linear and quadratic orthogonal terms) at the 
state level (see Supplementary Information for more detail). The 
outcome variables were counties’ percentage reduction in general 
movement and percentage reduction in visiting non-essential ser-
vices compared to pre-COVID-19 (before 9 March; Supplementary 
Note 1). Two-tailed statistical tests were used in all analyses.

As expected, general movement and visiting non-essential ser-
vices reduced as COVID-19 first spread in the United States (early 
March into early April) and this reduction dissipated as states began 
to reopen (end of April through May). As seen in Fig. 1, changes 
in physical distancing over time were characterized by a negative 
quadratic effect (a convex distribution: unstandardized coefficient 

(Bmovement) = −0.858, 95% confidence interval (CI) [–0.863, −0.854] 
and Bvisitation = −1.317, 95% CI [−1.325, −1.309], P < 0.001), and an 
additional negative linear trend (Bmovement = –0.336, 95% CI [−0.341, 
−0.331] and Bvisitation = –0.734, 95% CI [−0.741, −0.726], P < 0.001). 
Supplementary Information provides additional details of these and 
all following analyses.

We conducted additional analyses to further substantiate the 
validity of our physical distancing measures. As expected, distanc-
ing was greater when stay-at-home policies had been implemented 
(Bmovement = 0.055, 95% CI [0.053, 0.057] and Bvisitation = 0.062, 95% CI 
[0.059, 0.065], P < 0.001); on weekends, when fewer people travel 
for work (Bmovement = 0.088, 95% CI [0.087, 0.090] and Bvisitation = 0.026, 
95% CI [0.025, 0.028], P < 0.001); and in higher-income coun-
ties, where people are able to work from home (Bmovement = 0.030, 
95% CI [0.027, 0.032] and Bvisitation = 0.041, 95% CI [0.036, 0.046], 
P < 0.001; Supplementary Tables 19 and 20). The final model—
including effects of orthogonal linear and quadratic time, weekends, 
state stay-at-home policy, and county median income—provided 
a good fit to the average trend in the data (Fig. 1). Model mar-
ginal R2 was 0.35 for the movement model and 0.37 for the visita-
tion model (Supplementary Tables 19 and 20 and Supplementary  
Note 3). Together, these results suggest that the geotracking data 
utilized provide valid indices of physical distancing and allow us to 
test for differences as a function of political partisanship.

Linking partisanship to physical distancing. We examined whether 
county-level partisanship is linked to physical distancing. Partisanship 
was measured in terms of county-level voting gap in the 2016 elec-
tion—the proportion of total votes for Donald Trump (Republican) 
minus the proportion of total votes for Hillary Clinton (Democrat). 
We tested three-level, mixed-effects models with random intercepts 
of state and county (county nested within state), random slope of 
partisanship at the county and state levels, random slopes of linear 
and quadratic time at the state level, and the random slope of the 
interaction between partisanship and linear time at the state level, 
when possible (Supplementary Note 4). Fixed effects included the 
orthogonal time terms (linear and quadratic), partisanship (vote 
gap), the interactions between partisanship and the two time terms, 
the weekend indicator, and key covariates likely to be associated with 
physical distancing, including counties’ COVID-19 infections per 
capita (cumulative; assessed daily), whether a stay-at-home policy 
was in effect on a specific day, party affiliation of state governor, pop-
ulation density, median income, income inequality, median age, age 
composition (proportion of population aged 0–17, >65 or >85 years; 
Supplementary Note 5), race/ethnicity (proportion of population 
Black, Hispanic and Asian), low access to grocery stores (for exam-
ple, because of distance or income), number of grocery stores, travel 
time to work, religiosity, change in life expectancy from 1985 to 
2010, and percentage employment. See Methods and Supplementary 
Information for details, descriptive statistics, and information on 
variable coding. Indicating that our findings are robust to different 
models, our results were also consistent when running models with-
out these control variables (Supplementary Tables 22 and 23).

We found that the more a county favoured Donald Trump over 
Hillary Clinton in the 2016 election, the less that county exhibited 
physical distancing between 9 March and 29 May 2020. Specifically, 
for every 1 percentage point increase in vote share for Donald Trump 
over Hillary Clinton, counties exhibited 0.11 percentage points less 
physical distancing in terms of reducing their general movement 
and 0.13 percentage points less physical distancing in terms of 
reducing their visiting of non-essential services (Bmovement = –0.114, 
95% CI [–0.140, –0.087] and Bvisitation = –0.125, 95% CI [–0.162, 
–0.088], P < 0.001; Table 1; visualization of physical distancing by 
specific location and partisanship is presented in Figs. 2 and 3). 
Model marginal R2 was 0.46 for the movement model and 0.54 for 
the visitation model (Supplementary Note 6).
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Collapsing counties into pro-Trump versus pro-Clinton bins, 
Trump-voting counties reduced their general movement 9.5 per-
centage points less and reduced their visiting of non-essential 
services 19.4 percentage points less than Clinton-voting counties 
(average reduction, 14.5 percentage points) across the study dura-
tion. Illustrating the relative power of the observed links, partisan-
ship was more strongly associated with physical distancing in our 
main models (when z-scoring all the included variables) than any of 
the other included variables (aside from the time terms, the weekend 
factor, and median age in the case of visitation; see z-scored mod-
els in our analysis outputs hosted at https://osf.io/u5pmw/?view_ 
only=33f0691a7e694276bef606cb3e22d141; Supplementary Note 7).  
To put this into context, partisanship was more strongly associated 
with distancing than counties’ number of COVID-19 cases per cap-
ita, median income, percentage employment, average travel time to 
work, governor political affiliation, and racial make-up, as well as 
the other variables noted above.

Additionally demonstrating the robustness of our findings, par-
tisanship was associated with reduced physical distancing even after 
adjusting for the interactions between each of the included covari-
ates and partisanship (Supplementary Tables 22 and 23), when 
including in the analyses counties’ percentage of employment in 
various types of profession (for example, agriculture, finance, man-
ufacturing; Supplementary Table 24), when adding specific state 
policies to the analyses (for example, closing restaurants, closing 
childcare centres; Supplementary Tables 32 and 33), and when run-
ning generalized additive models with time as a smoothed variable 
(Supplementary Table 25 and Supplementary Note 8).

We next examined how partisan differences in physical dis-
tancing changed over time (between March and May 2020). We 
predicted that the observed differences would decrease as the pan-
demic worsened and people became more aware of the dangers of 
COVID-19 (see preregistration of this hypothesis at http://aspre-
dicted.org/blind.php?x=n84tw2; Supplementary Notes 9 and 10). 
We found the opposite pattern. As indicated by negative interaction 

terms between vote gap and linear time in the models noted above 
(Bmovement = −0.382, 95% CI [−0.396, −0.367] and Bvisitation = –1.030, 
95% CI [−1.054, −1.005], P < 0.001; Table 1), the partisan gap 
in physical distancing actually increased rather than decreased 
between 9 March and 29 May 2020, and this was especially true 
for visiting non-essential services according to model predictions  
(Fig. 4 and Supplementary Note 11).

We also examined the link between partisanship and physical 
distancing over time in a different manner. We conducted a series 
of mixed-effects models to extract the specific coefficients for the 
link between partisanship and physical distancing (general move-
ment and non-essential visitations, multiplied by 100 to yield per-
centages) on each day from 9 March to 29 May. All of the covariates 
noted above were included in these models. We then plotted the 
extracted coefficients over time (Fig. 5). Linear models predict-
ing these coefficients with orthogonal linear and quadratic time 
terms (z-scored) indicated that the negative association between 
pro-Trump voting and physical distancing (collapsed across the 
two measures) strengthened by approximately −0.047 percent-
age points per day (–3.85 percentage points beteen 9 March and 
29 May; linear time term: Bmovement = −0.96, 95% CI [−1.15, −0.77] 
and Bvisitation = −1.30, 95% CI [−1.60, −1.00], P < 0.001). We also 
observed a quadratic pattern for general movement. Pro-Trump 
voting increasingly linked to decreased physical distancing as the 
pandemic progressed, finally peaking in early May and beginning 
to weaken slightly thereafter (quadratic time effect: Bmovement = 0.86, 
95% CI [0.67, 1.05], P < 0.001; Bvisitation = 0.36, 95% CI [0.06, 0.67], 
P = 0.019; Fig. 5 and Supplementary Note 12). These analyses fur-
ther confirm that the observed partisan gap in distancing increased 
over time.

Partisanship, physical distancing, and state policies. Possibly, 
local stay-at-home policies attenuate the observed partisan differ-
ences in physical distancing because these policies send out clear 
signals about the dangers of COVID-19. In line with this reasoning, 
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Fig. 1 | Physical distancing as a function of time (9 March to 29 May 2020). Percentage reduction in general movement and visiting non-essential services 
relative to before COVID-19 (before March 9). In line with the rapid implementation of physical distancing restrictions during mid-March 2020 and then 
weakening as US states began to reopen, physical distancing increased until early/mid-April and then began to decline. Each point represents one county 
(3,025 counties were included for general movement and 2,073 for non-essential services visitation across 82 days. The total number of data points was 
248,050 and 169,890, respectively). The dashed line denotes the daily average across counties. The blue line represents the average prediction from a 
multi-level model including the effects of orthogonal linear and quadratic time terms, weekends, state stay-at-home policy, and county median income. 
Error bands are bootstrapped 95% prediction intervals (Supplementary Note 2).
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cating greater pro-Trump lean) and state policy: Bmovement = −0.017, 
95% CI [−0.022, −0.013], P < 0.001 and Bvisitation = −0.009, 95% CI 
[−0.016, −0.001], P = 0.030 (examinations of detailed state poli-
cies, such as closing restaurants and closing schools, are included 
in Supplementary Tables 32 and 33 and Supplementary Note 13). 
These results align with recent work finding that Democratic coun-

we predicted that state-level stay-at-home orders would potentially 
reduce the observed partisan differences (see our preregistered 
hypotheses). Our data did not support this prediction. The link 
between voting for Trump and reduced physical distancing was actu-
ally stronger when stay-at-home orders were in effect, as evidenced 
by negative interactions between vote gap (with higher values indi-

Table 1 | results of the main multi-level mixed-effects models in terms of reduction in general movement and visiting non-essential 
services

reduction in general movement reduction in visiting non-essential services

Variable (range of fitted variable) Estimate CI P Estimate CI P

Intercept 0.220 0.209–0.231 <0.001 0.346 0.332–0.360 <0.001

2016 Trump–Clinton vote gap, county (–0.88, 0.84) –0.114 –0.140 to –0.087 <0.001 –0.125 –0.162 to –0.088 <0.001

Time, linear (–0.19, 0.19) –0.241 –0.248 to –0.234 <0.001 –0.503 –0.514 to –0.492 <0.001

Time, quadratic (–0.12, 0.24) –0.814 –0.821 to –0.807 <0.001 1.192 –1.203 to –1.181 <0.001

Weekend (0–1) 0.089 0.088–0.090 <0.001 0.026 0.024–0.028 <0.001

Median income (US$10,000), county (–2.7, 8.2) 0.020 0.017–0.024 <0.001 0.022 0.016–0.028 <0.001

Log-scaled population density, county (–2.8, 4.5) 0.029 0.024–0.034 <0.001 0.048 0.041–0.055 <0.001

Cases per 100 capita, county (–0.11, 8.12) 0.013 0.011–0.016 <0.001 0.033 0.029–0.037 <0.001

Supermarkets per 1,000, county (–0.23, 1.4) 0.055 0.034–0.076 <0.001 –0.097 –0.158 to –0.035 0.002

Low store access, county (–0.21, 0.79) 0.004 –0.015 to 0.022 0.691 0.151 0.103–0.199 <0.001

Proportion religious, county (–0.46, 1.41) –0.010 –0.031 to 0.010 0.323 –0.024 –0.064 to 0.016 0.233

Proportion employed, county (–0.27, 0.25) –0.080 –0.138 to –0.022 0.007 0.288 0.164–0.412 <0.001

Median age 2018 (10 yr), county 2018 (–1.9, 2.6) 0.044 0.028–0.060 <0.001 –0.139 –0.171 to –0.108 <0.001

Proportion aged >85 yr, county (–0.018, 0.052) 0.170 –0.449 to 0.790 0.590 0.174 –1.248 to 1.596 0.810

Proportion aged 65–85 yr, county (–0.12, 0.36) –0.344 –0.556 to –0.132 0.001 0.509 0.058–0.959 0.027

Proportion aged 0–17 yr, county (–0.15, 0.20) 0.029 –0.093 to 0.151 0.638 –1.319 –1.581 to –1.058 <0.001

Stay-at-home policy, state (–0.48, 0.51) 0.038 0.036–0.039 <0.001 0.044 0.042–0.047 <0.001

Republican governor, state (–0.56, 0.43) 0.012 –0.007 to 0.032 0.222 –0.015 –0.039 to 0.010 0.244

Gini coefficient, county (–0.10, 0.22) 0.232 0.134–0.329 <0.001 0.426 0.232–0.621 <0.001

Proportion Hispanic/Latino, county (–0.09, 0.89) –0.078 –0.113 to –0.044 <0.001 0.081 0.019–0.144 0.011

Proportion Asian, county (–0.02, 0.59) 0.171 0.041–0.301 0.010 –0.034 –0.219 to 0.152 0.722

Proportion Black, county (–0.10, 0.77) –0.140 –0.181 to –0.099 <0.001 –0.103 –0.172 to –0.035 0.003

Life expectancy difference, 2010–1985 (–4.3, 8.0) 0.004 0.001–0.006 0.001 0.001 –0.003 to 0.005 0.588

Commute time (h) (–0.25, 0.35) –0.047 –0.086 to –0.007 0.021 –0.164 –0.245 to –0.084 <0.001

2016 Trump–Clinton vote gap, time linear –0.382 –0.396 to –0.367 <0.001 –1.030 –1.054 to –1.005 <0.001

2016 Trump–Clinton vote gap, time quadratic 0.229 0.215–0.243 <0.001 –0.055 –0.079 to –0.031 <0.001

Random effects

 σ2 0.0138 0.0283

 τ00 0.0038county_fips 0.0106county_fips

0.0010state_name 0.0013state_name

 τ11 0.0074county_fips.gop_advantage_2016 0.0020state_name.gop_advantage_2016

0.0043state_name.gop_advantage_2016

 ρ01 –0.1172county_fips –0.0452state_name

–0.1336state_name

 ICC 0.3163 0.3008

 N 2,987county_fips 2,057county_fips

50state_name 50state_name

Observations (n) 244,934 168,586

Marginal/conditional R2 0.462/0.632 0.536/0.676

Given the scales of the physical distancing measures, an estimate of –0.114, for instance, indicates an 11.4 percentage point smaller reduction in movement and visiting non-essential services as compared to 
before COVID-19. σ2, within-group (residual) variance; τ00, between-group variance (variation between individual intercepts and average intercept); τ11, random slope variance (variation between individual 
slopes and average slope); τ01, random intercept slope covariance; ρ01, random intercept slope correlation); ICC, intraclass correlation coefficient; GOP, Republican party; N, sample size.
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and partisanship, to our models (see Detailed State Policies section 
in the Supplementary Information and Supplementary Tables 32 
and 33). And third, while there was some variation in our findings 
between states, most states were in line with the population aver-
age of the observed partisan differences (Supplementary Figs. 4–6 
and Supplementary Note 14). In sum, though differences in state 
policies contribute to variation in county-level physical distanc-
ing, our results indicate that county-level partisanship nonetheless 
explains unique variance in physical distancing (see Supplementary 
Information for more details).

Partisan media and physical distancing. One method through which 
partisan viewpoints are propagated is partisan media. Potentially, 
then, watching more Republican- than Democratic-leaning media 
(for example, Fox News versus MSNBC) is linked to lower lev-
els of physical distancing. Indeed, recent research has found a  
causal effect of Fox News viewership on reducing stay-at-home 
behaviour33 and indicated that behavioural responses to COVID-19 

ties responded more quickly to stay-at-home orders than Republican 
counties at the start of the pandemic32.

We considered the possibility that variability in state stay-at-home 
policies explains our findings rather than county-level partisanship. 
For instance, stay-at-home orders may have been more stringent 
and remained in place longer in Democratic states or in states with 
Democratic governors, in turn leading Republican-leaning coun-
ties (which are more common in Republican states) to exhibit less 
physical distancing. Three supplementary analyses argued against 
this possibility, however. First, our results remained when adjust-
ing for whether state policies were in effect on a specific date, state 
governors’ political affiliation, and interactions between these 
variables and partisanship (Table 1 and Supplementary Table 31). 
Second, we also confirmed that our results remained when adding 
specific state policies (including closing restaurants, closing child-
care, closing K–12 schools, closing non-essential business more 
generally, and closing religious institutions/gatherings), and the 
interactions between these policies and governor political party 
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population. Lighter and darker colours indicate less or greater physical distancing, respectively. Blue indicates a Clinton-leaning county and red indicates a 
Trump-leaning county, based on 2016 voting figures.
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Fig. 3 | Map of predicted reduction in visiting non-essential services as a function of county location and leaning pro-trump versus pro-Clinton. 
Predictions are derived from multi-level models described in Table 1 and the main text. Each circle represents a county, its size proportional to its 
population. Lighter and darker colours indicate less or greater physical distancing, respectively. Blue indicates a Clinton-leaning county and red indicates a 
Trump-leaning county, based on 2016 voting figures.
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(Bmovement = −0.053, 95% CI [−0.076, −0.030] and Bvisitation = –0.099, 
95% CI [−0.136, −0.062], P < 0.001; Supplementary Fig. 2 and 
Supplementary Note 15). Importantly, these results were found 
while accounting for all covariates (Main Model in Supplementary 
Tables 27 and 28) and remained when additionally controlling for 
interactions between watching Fox News (over CNN and MSNBC) 
and these covariates: P < 0.001 (Saturated Model in Supplementary 

change in line with the specific cable news show that people watch 
(for example, Tucker Carlson Tonight versus Hannity)34. To exam-
ine whether viewing Republican- versus Democratic-leaning media 
is associated with differences in physical distancing, we analysed 
viewership data from SimplyAnalytics. We found that the degree 
to which people in different counties watched Fox News over CNN 
and MSNBC was associated with lower levels of physical distancing 
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Fig. 4 | uS counties’ average physical distancing as a function of time and partisanship. Physical distancing was quantified as counties’ percent reduction 
in general movement and visiting non-essential services as compared to before COVID 19 (before March 9). For graphing purposes, counties were binned 
as Trump lean if a greater percentage of residents voted for Trump in 2016, and as Clinton lean if a greater percentage of residents voted for Clinton. Each 
point represents one county (3,007 were included for general movement and 2,068 for non-essential services visitation across 82 days; the number of 
total data points was 246,574 and 169,480, respectively). Dashed lines denote the daily average across counties, split by partisan lean. Bold blue and red 
lines represent the average predictions of vote gap from the multi-level models described in Table 1 and the main text. Error bands are bootstrapped 95% 
prediction intervals.
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Fig. 5 | Percentage reduction in general movement and visiting non-essential services (relative to pre-COVID, before 9 March) for Trump as compared 
to Clinton voting counties (negative values indicate less physical distancing in Trump counties) as a function of time (between 9 March and 29 May 
2020). Individual points represent regression coefficients. More negative coefficients represent a greater partisan gap. For instance, –6 on the yaxis 
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growth rate on a specific day was best accounted for by the degree 
to which people in a county were physically distancing between 17 
and 23 days earlier (Supplementary Information).

Importantly, this link remained when including all covariates 
from our earlier analyses (for example, population density, distance 
travelling to work, age; see Methods) and when additionally includ-
ing non-time-lagged physical distancing (physical distancing on the 
same day) in these models: Bmovement = −3.31, 95% CI [−3.42, −3.21] 
and Bvisitation = −4.54, 95% CI [−4.66, −4.41], P < 0.001 (Table 2). 
Moreover, supporting the unique relationship between time-lagged 
physical distancing and subsequent infections, counties’ non-lagged 
physical distancing (that is, same-day physical distancing) was 
associated with a higher rather than lower infection growth rate: 
Bmovement = 1.66, 95% CI [1.55, 1.77] and Bvisitation = 2.94, 95% CI [2.81, 
3.08], P < 0.001 (Table 2). These positive same-day relationships 
between distancing and growth rate likely reflect that counties hit 
hardest by the pandemic were also those that responded by engag-
ing most in physical distancing (see Supplementary Information for 
cross-lagged analyses substantiating this claim).

Turning to fatalities, estimates of the time lag from COVID-19  
infection to death vary between 2 and 4 weeks (approximately 
1–2 weeks after symptoms appear)41,42. Using the same 7-day lagged 
approach used for infections, we found that counties’ physical dis-
tancing 25–31 days before a given day most strongly related to lower 
fatality growth on that day: Bmovement = –0.67, 95% CI [–0.74, –0.59] 
and Bvisitation = −0.69, 95% CI [−0.79, −0.59], P < 0.001 (Table 2 and 
Supplementary Figs. 14 and 15). As was true for infections, these 
results remained when including all covariates and when includ-
ing non-lagged physical distancing in the models: Bmovement = −0.70, 
95% CI [–0.78, −0.62] and Bvisitation = –0.81, 95% CI [−0.91, −0.70], 
P < 0.001 (Table 2). And, as was also true for infections, non-lagged 
distancing was associated with higher rather than lower fatali-
ties: Bmovement = 0.45, 95% CI [0.38, 0.51] and Bvisitation = 0.55, 95% CI 
[0.46, 0.64], P < 0.001 (Table 2). Collectively, these results suggest 
that counties’ degree of physical distancing 17–23 and 25–31 days 
earlier best accounts for reductions in infection and fatality growth  
rates, respectively.

Linking partisanship and physical distancing to COVID-19 
infections and fatalities. Finally, we tested whether partisan-linked 
failures to physically distance during the pandemic related to higher 
infection and fatality growth rates. We approached this analysis 
by testing mediation models in Stata following multi-level media-
tion procedures43. These mediation models included three-level, 
mixed-effects models as in the analyses reported through-
out this article (Supplementary Note 16). The models included 
counties’ pro-Trump voting (z-scored) as the predictor vari-
able, lagged physical distancing (general movement and visiting 
non-essential services lagged 17–23 days for infections and 25–31 
days for fatalities; z-scored) as the mediators, infection growth 
rate or fatality growth rate as the outcome variables and all covari-
ates as control variables (see Supplementary Information for  
more detail).

The mediation analyses revealed significant indirect links between 
counties’ pro-Trump voting and infection growth rate via physi-
cal distancing (lagged 17–23 days): Bmovement = 0.855, 95% CI [0.622, 
1.088] and Bvisitation = 0.896, 95% CI [0.679, 1.113], P < 0.001 (Table 3). 
Regarding total effects, Trump-leaning counties on average exhib-
ited marginally higher infection growth rates than Clinton-leaning 
ones between 26 March and 29 May 2020: Bmovement = 0.272, 95% CI 
[−0.020, 0.564] and Bvisitation = 0.313, 95% CI [0.032, 0.594], P < 0.068 
(Total Effects in Table 3 and Supplementary Note 17); however, this 
would not have been the case if Trump-leaning counties had physi-
cally distanced to the same degree as more Clinton-leaning coun-
ties. If they had done so, Trump-leaning counties would actually 
have had lower infection growth rates than Clinton-leaning ones 

Tables 27 and 28). And, as was the case for partisanship as assessed 
by 2016 vote gap, the observed partisan media differences in physi-
cal distancing strengthened over time (Supplementary Tables 27, 28, 
and 30 and Supplementary Figs. 2 and 3).

We also tested whether consuming Republican-leaning media 
and 2016 pro-Trump versus pro-Clinton voting account for inde-
pendent variance in physical distancing. Supporting this possibil-
ity, we found that Fox News consumption (over MSNBC and CNN) 
still negatively related to physical distancing when including 2016 
vote gap, the interactions between vote gap and linear and qua-
dratic time, and the interaction between vote gap and Fox News 
lean in the models: Bvisitation = –0.038, 95% CI [−0.063, −0.014], 
P = 0.002 and Bvisitation = −0.053, 95% CI [−0.092, −0.013], P = 0.009 
(Supplementary Table 29). Furthermore, in these analyses the coef-
ficients for partisan vote gap and Fox News lean both decreased 
(Table 1 and Supplementary Tables 27 and 29), suggesting that 
Republican-leaning media consumption may in part account for 
the observed covariance between vote gap and physical distancing 
(and vice versa).

Linking physical distancing to COVID-19 infections and fatali-
ties. We next examined whether the observed partisan differences 
in distancing relate to COVID-19 infections and fatalities. Applying 
three-level, mixed-effects models, with counties nested within 
states, we first tested whether counties’ time-lagged physical dis-
tancing is associated with decreased COVID-19 infection and fatal-
ity growth rate. Growth rates were examined because the main goal 
of physical distancing is to ‘flatten the curve’, or the spread, of coro-
navirus disease (see Methods for calculation)34,35.

Given the time lag between contracting COVID-19, experienc-
ing symptoms, and receiving a positive test result, physical distanc-
ing should not have an immediate impact on infection or fatality 
growth rate. In line with this reasoning, we considered the length 
of the delay between physical distancing and subsequent reduc-
tions in infections and fatalities. We treated the incubation period 
of COVID-19 as the time from exposure to symptom onset36–39. 
Although this period may include a period of asymptomatic viral 
shedding, we did not account for this in our analysis39. Based on 
previous work, we estimated the incubation period of COVID-19 
to be between 2 and 11 days (median 4–5 days)36–39. We then esti-
mated that receiving positive test results typically takes at least 1 day 
(and often takes much longer). Given these estimates, physical dis-
tancing could begin to reduce counties’ infection growth rate as 
early as 3 days thereafter, but more likely begins to have a measur-
able impact around 7–8 days later (~5-day incubation period plus 
~3 days to seek and receive test results). Importantly, this estimate 
does not represent when the impact of physical distancing is stron-
gest. That is, physical distancing should relate to decreased infection 
growth rate more and more strongly as delayed testing is completed, 
residual infections die out, and cases with long incubation peri-
ods pass, until eventually this link peaks and then starts to decline 
(Supplementary Figs. 12–15)40.

We conducted a series of mixed-effects models to identify the lag 
time in which physical distancing most strongly relates to reduced 
infections. Specifically, we examined the predictive power of rolling 
7-day averages of general movement and visiting non-essential ser-
vices ((pt + pt – 1 + … + pt – 6)/7; t = {35, 34, …, 7}), where t is lag day 
and p is physical distancing score) on infection growth rate. Both 
for general movement and visiting non-essential services, physical 
distancing between 17 and 23 days before a given date (z-scored, 
7-day lagged average) most strongly related to lower infection 
growth rate on that date: Bmovement = −3.05, 95% CI [−3.15, −2.94] 
and Bvisitation = −3.53, 95% CI [−3.65, −3.41], P < 0.001 (Table 2 and 
Supplementary Figs. 12 and 13; the first 7-day lag to negatively relate 
to infections was between 6 and 12 days for general movement and 7 
and 13 days for visitation). In other words, a reduction in infection 
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schools) as additional control variables, P < 0.001 (Supplementary 
Table 38).

To put our findings into context, our model indicated that 
extremely pro-Trump-voting counties (+2 z-score in the vote gap 
variable) experienced a daily infection growth rate of 0.59 percent-
age points higher than average (between 26 March and 29 May 2020, 
the average daily infection growth rate across all counties in this 
date range was 5.72 percentage points; Supplementary Note 19). 
Such pro-Trump counties would have experienced a daily infec-
tion growth rate of 1.17 percentage points less on average, however, 
if they had socially distanced to the same extent as the average 
county—a swing of 1.76 percentage points in infection growth rate. 
Our findings thus suggest that partisan differences in physical dis-
tancing were linked to higher growth rates of infections and fatali-
ties in pro-Trump counties than necessary.

Finally, we reconducted our mediation analyses when cal-
culating infection and fatality growth rate using an exponential 
model of disease spread (Supplementary Information; growth 
rate r = ln(It + 1/It), where I is the cumulative number of infections 
and t is the time (day) (ref. 35)). Applying an exponential growth 
rate is illuminating from an epidemiological perspective, because 
COVID-19 would initially spread exponentially in the scenario of 
a disease spreading within a closed, homogeneous population with-
out interventions29,35,44,45. Importantly, when doing so, we observed 
the same mediation results as above: P < 0.001 (Supplementary  
Table 39).

between 26 March and 29 May 2020: Bmovement = −0.583, 95% CI 
[−0.915, −0.251] and Bvisitation = −0.582, 95% CI [–0.912, –0.253], 
P < 0.002 (Direct Effects in Table 3).

Similar indirect effects were also observed for fatality growth 
rate: Bmovement = 0.183, 95% CI [0.090, 0.277] and Bvisitation = 0.176, 
95% CI [0.087, 0.264], P < 0.001 (lagged 25–31 days earlier; Table 3).  
Regarding total effects, Trump-leaning counties exhibited lower 
fatality growth rates than Clinton-leaning ones: Bmovement = −0.417, 
95% CI [−0.647, −0.188] and Bvisitation = −0.533, 95% CI [−0.850, 
−0.216], P < 0.001 (between 3 April and 29 May 2020; see  
Total Effects in Table 3); however, these counties would have  
exhibited even lower fatality growth rates had they physically 
distanced to the same extent as more Clinton-leaning counties: 
Bmovement = −0.601, 95% CI [−0.858, −0.344] and Bvisitation = −0.709, 
95% CI [−1.050, −0.368], P < 0.001 (see Direct Effects in Table 3 
and Supplementary Note 18).

This pattern of results was robust. The observed mediations 
remained consistent when including employment types as further 
control variables (P < 0.003; Supplementary Table 34); when testing 
earlier date ranges for the lagged mediators (for example, 26 March 
to 29 May for infections), P < 0.005 (Supplementary Table 35); when 
excluding all cases in which growth rate was 0 (to account for poten-
tial zero inflation in the data), P < 0.001 (Supplementary Table 36); 
when calculating infection and fatality growth rates using moving 
averages, P < 0.001 (Supplementary Table 37); and when including  
specific state policies (for example, closing restaurants, closing 

Table 2 | results of multi-level, mixed-effects models testing whether physical distancing is linked to infection and fatality growth 
rates

Estimate s.e. z CI P

Infection growth rate

General movement

 17–23 days lagged physical distancing (absent covariates) −3.05 0.05 −56.29 −3.15 to −2.94 <0.001

 17–23 days lagged physical distancing (all covariates included) −3.24 0.05 −59.30 −3.34 to −3.13 <0.001

  17–23 days lagged physical distancing (all covariates and non-lagged physical distancing 
included)

−3.31 0.05 −61.95 −3.42 to −3.21 <0.001

 Non-lagged physical distancing (all covariates included) 1.66 0.06 30.02 1.55–1.77 <0.001

Visiting non-essential services

 17–23 days lagged physical distancing (absent covariates) −3.53 0.06 −57.41 −3.65 to −3.41 <0.001

 17–23 days lagged physical distancing (all covariates included) −4.24 0.06 −65.33 −4.37 to −4.11 <0.001

  17–23 days lagged physical distancing (all covariates and non-lagged physical distancing 
included)

−4.54 0.06 −71.51 −4.66 to −4.41 <0.001

 Non-lagged physical distancing (all covariates included) 2.94 0.07 42.14 2.81–3.08 <0.001

Fatality growth rate

General movement

 25–31 days lagged physical distancing (absent covariates) −0.67 0.04 −17.65 −0.74 to −0.59 <0.001

 25–31 days lagged physical distancing (all covariates included) −0.71 0.04 −17.84 −0.79 to −0.64 <0.001

  25–31 days lagged physical distancing (all covariates and non-lagged physical distancing 
included)

−0.70 0.04 −17.59 −0.78 to −0.62 <0.001

 Non-lagged physical distancing (all covariates included) 0.45 0.03 13.73 0.38–0.51 <0.001

Visiting non-essential services

 25–31 days lagged physical distancing (absent covariates) −0.69 0.05 −13.37 −0.79 to −0.59 <0.001

 25–31 days lagged physical distancing (all covariates included) −0.82 0.05 −15.12 −0.93 to −0.72 <0.001

  25–31 days lagged physical distancing (all covariates and non-lagged physical distancing 
included)

−0.81 0.05 −14.80 −0.91 to −0.70 <0.001

 Non-lagged physical distancing (all covariates included) 0.55 0.05 12.15 0.46–0.64 <0.001

Physical distancing 17–23 days before a given date related to decreased infection growth rates on that date. Physical distancing 25–31 days before a given date related to decreased fatality growth rates on 
that date.
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rates roughly 17–23 and 25–31 days later, respectively. These results 
imply that Trump-leaning counties could have curbed their infec-
tion and fatality growth rates if they had distanced to the same 
degree as Clinton-leaning counties did. Such findings provide evi-
dence that partisanship in the United States during the COVID-19 
pandemic may have had meaningful—and severe—health-related 
consequences. Partisanship may therefore be an important risk 
factor during a public health crisis, one that is probably especially 
relevant when the electorate is highly polarized and leaders fail to 
generate bipartisan support for public health measures17.

The observed partisan differences appear to be relatively strong 
as well as highly robust. Partisanship was more strongly associated 
with physical distancing than most of the covariates included in 
our models, including more traditionally examined health-related 
variables such as economic and social indicators. The relation-
ship between partisanship and distancing also held after statisti-
cally adjusting for numerous control variables, and for interactions 
between partisanship and these control variables. The robustness 
of these findings is consistent with findings from independent 
research groups who have also observed links between partisan-
ship and physical distancing using different data sources46,47. Taken 
together, these findings provide a more complete picture of parti-
sanship during a pandemic and establish it as an important risk fac-
tor for COVID-19 in the United States.

The observed partisan gap in physical distancing was not lim-
ited to the beginning of the COVID-19 pandemic. Although we 
had expected that this difference would attenuate as the pandemic 
worsened after 23 March 2020 (Supplementary Note 21), we instead 
found that the partisan gap actually increased over time (Fig. 5). 
We also expected that intervention by local government would 
attenuate the observed partisan differences. Again, instead we 
found that stay-at-home orders actually exacerbated the observed 
partisan gap; that is, stay-at-home orders appeared to be more suc-
cessful in encouraging Democratic counties to physically distance 
than Republican ones. This difference may be driven by more 
Republican-leaning counties ignoring local stay-at-home orders in 
light of national messaging from right-wing media and federal lead-
ers; or, Republicans may simply hold a greater distrust of govern-
ment than Democrats48. These issues require further investigation 

It is possible that the estimated indirect effects are skewed by 
differences in reporting or tracking infections (for example, certain 
areas testing more than others). To begin to account for this pos-
sibility, we examined and found that the observed indirect effects 
of county partisanship on infection growth rate remained when 
individually testing these mediations within states and then aggre-
gating these results via meta-analysis: B = 0.417, z = 3.43, P < 0.001 
(Supplementary Information). These analyses help address report-
ing concerns because, although reporting differences may exist 
across states, it is less likely that they exist within states (the uti-
lized mixed-effects modelling should also help allay this concern; 
Supplementary Note 20). Nonetheless, biased estimates in reporting 
and testing remain possible, if not probable, and thus are a limita-
tion of our results.

Discussion
The present work used the geotracking data of approximately 
15 million people per day across the United States to examine 
whether partisan identity is linked to objective measures of physi-
cal distancing during the coronavirus pandemic. We found that 
Republican-leaning counties exhibited lower physical distanc-
ing than Democratic-leaning counties, both in terms of reducing 
their overall movement and reducing their visiting of non-essential 
services (e.g., restaurants, clothing stores). Counties that voted 
for Trump in the 2016 election exhibited a ~24% drop in general 
movement and visiting non-essential services between 9 March 
and 29 May 2020, while counties that voted for Clinton exhibited 
a ~38% drop (a 14% difference in physical distancing). Moreover, 
this partisan gap remained consistent after adjusting for numer-
ous third variables, including counties’ number of COVID-19 cases 
per capita, population density, median income, wealth distribution, 
travel time to work, and racial and age make-up, among other fac-
tors. These data suggest that partisan differences in self-reported 
attitudes toward COVID-19 (refs. 18–22) are mirrored by behavioural 
differences at the US county level.

We also linked the observed partisan differences in physical dis-
tancing to COVID-19 infections and fatalities. Mediation analyses 
revealed that reduced physical distancing in counties was linked to 
a subsequent increase in COVID-19 infection and fatality growth 

Table 3 | Output of mediation models

Predictor variable Mediator Outcome variable

Mediation 1 Partisanship Lagged reduction in general movement (17–23 days previously) Infection growth rate

Total effect B = 0.272 s.e. = 0.149 z = 1.83 P = 0.067 95% CI [–0.020, 0.564]

Direct effect B = –0.583 s.e. = 0.170 z = –3.44 P = 0.001 95% CI [–0.915, –0.251]

Indirect effect B = 0.855 s.e. = 0.119 z = 7.19 P < 0.001 95% CI [0.622, 1.088]

Mediation 2 Partisanship Lagged reduction in visiting non-essential services (17–23 days previously) Infection growth rate

Total effect B = 0.313 s.e. = 0.143 z = 2.19 P = 0.029 95% CI [0.032, 0.594]

Direct effect B = –0.582 s.e. = 0.168 z = –3.47 P = 0.001 95% CI [–0.912, –0.253]

Indirect effect B = 0.896 s.e. = 0.111 z = 8.09 P < 0.001 95% CI [0.679, 1.113]

Mediation 3 Partisanship Lagged reduction in general movement (25–31 days previously) Fatality growth rate

Total effect B = –0.417 s.e. = 0.117 z = –3.56 P < 0.001 95% CI [–0.647, –0.188]

Direct effect B = –0.601 s.e. = 0.131 z = –4.58 P < 0.001 95% CI [–0.858, –0.344]

Indirect effect B = 0.183 s.e. = 0.048 z = 3.85 P < 0.001 95% CI [0.090, 0.277]

Mediation 4 Partisanship Lagged reduction in visiting non-essential services (25–31 days previously) Fatality growth rate

Total effect B = –0.533 s.e. = 0.162 z = –3.30 P = 0.001 95% CI [–0.850, –0.216]

Direct effect B = –0.709 s.e. = 0.174 z = –4.07 P < 0.001 95% CI [–1.050, –0.368]

Indirect effect B = 0.176 s.e. = 0.045 z = 3.89 P < 0.001 95% CI [0.087, 0.264]

The link between partisanship (vote share for Trump over Clinton in 2016, z-scored) and COVID-19 infection and fatality growth rate was mediated by time-lagged physical distancing (reduction in general 
movement and visiting non-essential services 17–23 and 25–31 days earlier, respectively; z-scored).
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in less physical distancing than Democrats (although self-reported 
data indicate they are likely to)19. Likewise, although we accounted 
for numerous structural state-level factors (for example, governor’s 
political party, types of state policy), it remains plausible that cer-
tain state-level factors explain a portion of the observed findings. 
Third, the current results are limited to the United States; it remains 
unclear whether partisanship or political polarization played a role 
in COVID-19 responses in other countries. Fourth, we did not con-
sider the role of face masks or other public health behaviours in 
the present findings. That is, our findings may or may not extend 
to other preventative COVID-19 practices and, additionally, these 
other practices may covary with distance and therefore help account 
for subsequent infections and mortality. Fifth, infection and fatal-
ity counts may be unreliable. For instance, certain areas may have 
failed to provide proper testing or failed to count deaths at home 
as COVID-19 fatalities. As such, our mediation results should be 
approached cautiously. Sixth, several of the variables we examined 
failed to capture nuanced variance; for instance, although we con-
trolled for counties’ average number of supermarkets, these val-
ues may vary substantially within a county (creating ‘food deserts’ 
that we do not account for). And, although we control for coun-
ties’ type of employment in our analyses, physical distancing may 
vary greatly within these employment types. Finally, people in 
pro-Trump counties may need to travel further to shop for essen-
tial goods or for work. However, we found consistent results when 
statistically adjusting for access to supermarkets and average time to 
travel to work. Nevertheless, future research should examine indi-
vidual behavioural differences using causal tests to help determine 
whether partisanship is causally related to public health behaviour.

Although few things bind groups together like a common 
obstacle, the COVID-19 pandemic has had a deeply partisan fla-
vour in the United States (and seemingly continues to do so). Here 
we found that partisanship is associated with differences in physi-
cal distancing behaviour at the level of US counties—and that this 
degree of physical distancing may have impacted counties’ subse-
quent COVID-19 infection and fatality growth rates. This suggests 
that partisanship might be an important risk factor for the cur-
rent pandemic and, potentially, for other public health crises. We 
encourage researchers who study other health issues to consider the 
role that partisanship might play in health-related decision mak-
ing. Our work highlights the possibility that political partisanship 
in the United States is now sufficiently far-reaching and pernicious 
enough to threaten the health of citizens during a pandemic.

Methods
Our research complies with all relevant ethical regulations. Because the data in 
question include aggregated county-level data collected by an external source 
(Unacast), these are categorized as exempt according to the Yale University 
Institutional Review Board. We are unaware of whether participants were 
compensated. Participants completed opt-in consent. The sample included 
approximately 15 million smartphone users per day in the United States. Given 
the aggregated nature of these data, the sex, age and exact number of participants 
are unknown. No statistical methods were used to predetermine sample size (in 
terms of the number of included US counties) but our sample was quite large 
(3,025 counties were included in our analyses). This sample size provides sufficient 
statistical power to observe relationships of even a very small size. Preregistrations 
of hypotheses were made, see above. These preregistrations specify two 
hypotheses—that the observed partisan differences would reduce with time and 
would reduce when stay-at-home orders were in effect. These preregistrations do 
not speak to any other hypotheses and do not include clear analysis plans or model 
specifications, and thus solely qualify as broad preregistrations of these two specific 
hypotheses (Supplementary Notes 9 and 10).

Physical distancing. We examined people’s physical distancing behaviours in 
3,025 US counties (those with a population of at least 2,000; Supplementary  
Note 22) between 9 March and 29 May 2020. Physical distancing was assessed via 
a county’s percentage reduction in general movement and visiting non-essential 
services (for example, barbers, restaurants, clothing stores; Supplementary  
Note 23) relative to the period before COVID-19 struck the United States with 
force (before 9 March; Supplementary Note 24). Physical distancing on a specific 

to determine how to intervene locally to ensure greater compliance 
with public health recommendations.

The observed partisan differences may be partially driven by 
Republican counties experiencing fewer COVID-19 infections and 
fatalities than Democratic ones at the start of the pandemic. Simply 
put, for Republicans, the threat of COVID-19 may have been less 
salient. Arguing against this possibility, our findings remained 
when adjusting for counties’ infections per capita (Table 1);  
doing so should account for Republican counties being objectively 
less threatened during the examined time frame (between 9 March 
and 29 May 2020). Moreover, desired political outcomes (for exam-
ple, wanting the pandemic to be less serious than it is for politi-
cal reasons), and not one’s actual experiences with COVID-19 (for 
example, knowing someone who was infected), appear to drive 
self-reported partisan differences in concern about the pandemic49. 
As such, it seems that objective risks of infection do not account for 
the observed partisan differences in physical distancing.

In our view, a more likely, albeit partial, explanation for the 
observed results is media polarization or a ‘broadcasting effect’15,50. 
Republican-leaning media outlets appear to have downplayed the 
dangers of the coronavirus as compared to more Democratic outlets. 
For instance, in early March, Fox News repeatedly claimed that the 
coronavirus was less dangerous than influenza and even referred to 
other media reports as a hoax (although some commentators took 
it more seriously than others, and the organization took the pan-
demic more seriously by mid-March 2020)51. Consistent with this 
messaging about COVID-19, we found that US counties that con-
sumed more Fox News than Democratic-leaning outlets (MSNBC 
and CNN) exhibited less physical distancing. These findings also 
remained significant when controlling for counties’ partisanship 
in terms of 2016 voting. These results, along with self-report data 
indicating similar findings22 and evidence indicating a causal link 
between Fox News viewership and decreased social distancing33, 
suggest that Republican-leaning media downplaying the virus at the 
start of the pandemic may have signalled to Republicans that they 
should not take the virus very seriously, in turn potentially in part 
causing the observed partisan differences. This possibility under-
scores the importance of considering communication and mass 
media when designing public health messaging.

Of course, other factors may help account for the observed dif-
ferences as well. For instance, political role models may have sig-
nalled different actions as appropriate responses to the pandemic 
(for example, not wearing versus wearing a mask). As an example, 
President Donald Trump referred to criticisms about his adminis-
tration’s response to the pandemic as ‘their new hoax’. Moreover, 
public events hosted by Donald Trump in Tulsa and Arizona (June 
2020) revealed, accordingly, that at least some of his supporters were 
willing to attend high-risk events such as large, indoor gatherings.

Finally, we consider that conservative versus liberal political ide-
ologies may lead individuals to respond differently to threat or spe-
cifically to the threat of a viral pandemic52,53. We find this conclusion 
unlikely, however, given that conservatives were actually more likely 
than liberals to report being worried about the potential spread of 
a different virus—Ebola—in the United States in 2014 (ref. 54). As 
such, it seems that our findings are more likely to be driven by mod-
elling the behaviour of political role models and political identity 
(that is, political group loyalty) than by political ideology (that is, 
political values)7,16,55,56. Indeed, Democrats are not only more likely 
than Republicans to say they prioritize stay-at-home orders, but this 
partisan difference is most pronounced among highly identified 
group members57.

Our findings draw from a very large sample of real behaviour 
and are robust to several model specifications, but nevertheless have 
limitations. First, these data are correlational and cannot be used to 
draw causal conclusions. Second, the data are county-level aggre-
gates and thus do not tell us whether individual Republicans engage 
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Data availability
We are unable to share some of the data publicly because they are proprietary; 
to access these data please contact Unacast (https://www.unacast.com/covid19/
social-distancing-scoreboard#get-started). The data are fully accessible upon 
agreeing to certain sharing restrictions and ethics guidelines. For instance, the data 
cannot be used for commercial purposes.

Code availability
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day was calculated as the change in a county’s general movement and visiting 
non-essential services from the same day of the week during the 4 weeks leading 
up to 9 March (percentage reduction in general movement: M = 0.21, s.d. = 0.19; 
percentage reduction in general movement: M = 0.31, s.d. = 0.30). For example, 
a county’s level of physical distancing on Monday, 9 March was calculated as the 
percentage reduction in movement and non-essential visits from the average 
levels of movement and non-essential visits on the four preceding pre-COVID 
Mondays (10, 17 and 24 February and 2 March) in that county. In our main 
analyses, we included 3,007 counties across 82 days when examining general 
movement (18 counties were excluded on account of missing partisanship data; see 
below), and 2,068 counties across 82 days when examining non-essential visitation 
(957 counties were excluded, and some additional physical distancing data points, 
for missing partisanship or missing visitation data). This resulted in the inclusion 
of a total of 248,050 and 169,480 physical distancing data points when examining 
general movement and non-essential visitation, respectively.

The two physical distancing variables assessed—general movement and 
visiting non-essential services—were calculated by Unacast (a software company 
that provides location tracking and map services) using approximately 15 million 
smartphone GPS coordinates across the United States per day. Unacast gathers GPS 
data from thousands of opt-in consent apps. These GPS data are then categorized 
in terms of stops (a device being stationary over a period of time) and travel 
events (a device moving). General movement is thus, for instance, calculated as 
the total time travelled for each device in a county, averaged across all the devices 
in that county (Supplementary Information provides greater detail on how the 
physical distancing variables were constructed). The data were anonymized, in 
that GPS coordinates were aggregated at the county level (the locations of specific 
individuals were not shared with the authors).

Partisanship and the vote gap. A continuous index of partisanship was created 
using the county-level voting gap in the 2016 election—that is, the proportion 
of total votes for Donald Trump minus the proportion of total votes for Hillary 
Clinton. Average vote share across the 3,007 counties for which we obtained 
data was 31% greater for Trump: M = 0.31, s.d. = 0.30, minimum = –0.89, 
maximum = 0.85. Binning counties according to Trump versus Clinton lean 
produced 480 Clinton counties (average vote share favouring Clinton: M = –0.23, 
s.d. = 0.19) and 2,527 Trump counties (average vote share favouring Trump: 
M = 0.41, s.d. = 0.19). Greater detail of all the included measures can be found 
in the Supplementary Information and on our OSF project page (https://osf.io/
u5pmw/?view_only=33f0691a7e694276bef606cb3e22d141).

Fox News preference. We created a Fox News preference score by subtracting the 
proportion of people watching CNN and MSNBC (averaged) from the proportion 
of people watching Fox News per US county. Across counties, Fox News was on 
average watched 7.6% more (in terms of proportion of population) than CNN and 
MSNBC: M = 0.076 (7.6%), s.d. = 0.004, minimum = 0.059, maximum = 0.098.

Control variables. All covariates were, insofar as possible, kept on their original 
scale to aid understanding of regression coefficients reported in the Supplementary 
tables. The covariates included weekend (0 = weekday, 1 = weekend); COVID-
19 infections per 100 capita (on each date for the included date range, mean 
centred); state policy (0 = stay-at-home order not in effect and 1 = stay-at-home 
order in effect on each date for the included date range, mean centred); party 
affiliation of state governor (0 = Republican, 1 = Democrat, mean centred); 
population density (log, standardized); median household income in 2018 (in 
units of US$10,000, mean centred; degree of income inequality (Gini coefficient, 
mean centred); median age in 2018 (mean centred); proportion of population 
aged 0–17 years (mean centred); proportion of population aged >65 years (mean 
centred); proportion of population aged >85 years (mean centred); race/ethnicity 
(proportion of population Black, Hispanic and Asian, all mean centred); low access 
to grocery stores (for example, because of distance or income, mean centred); 
number of grocery stores per 1,000 people (mean centred); mean travel time to 
work (hours, mean centred); religiosity (mean centred); change in life expectancy 
from 1985 to 2010 (years, mean centred); and proportion employed (mean 
centred). We also controlled counties’ percentage of employment in various types 
of profession (for example, agriculture, finance, manufacturing) in additional 
analyses (Supplementary Table 24). More details regarding these control variables, 
descriptive statistics, and the strength of links between these factors and physical 
distancing are provided in the Supplementary Information (Supplementary  
Tables 1–10, 22–24, and 27–29).

Infection and fatality growth rates. Growth rate in infections was calculated as 
(It – It – 1)/It – 1 × 100. Exponential growth rate was calculated as the growth rate 
tailored to an exponential model of disease spread (Supplementary Information; 
r = ln(It + 1/It)). Fatality growth rate simply substitutes fatalities for infections. 
Calculated as such, growth rate is identical to growth rate in cases per capita 
because counties’ populations did not vary during the sample period (see 
Supplementary Information for more details).

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.
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