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Abstract
Background. In late March 2020, state and local governments across the country issued stay-at-home directives to slow the spread of
COVID-19. However, divergent messages from political parties on the severity of COVID-19 and diﬀering levels of support of these social
distancing measures have potentially prompted diﬀerential behaviors across political groups. This study examines state-level partisan
diﬀerences in changes in human mobility during stay-at-home orders.
Methods. Aggregated and de-identiﬁed large-scale human mobility data was collected from Cuebiq, a mobility insights platform, to
measure the fraction of users that staying at home. A diﬀerence-in-diﬀerence analysis was performed to evaluate the changes in human
mobility before and after stay-at-home orders were implemented by state political aﬄictions.
Results. Before March 19th, 2020, there was a 0.82% diﬀerence (SE=0.003, p<0.001) between the percent of users staying at home in
republican states versus democratic states. Diﬀerence-in-diﬀerence analysis revealed that on average, democratic states experienced a
4.11% (SE = 0.006, p<0.001) greater increase in the percent of users that stayed at home compared to republican states pre-post the
implementation of stay-at-home orders. States that were not issued state-wide stay-at-home orders were excluded from the study.
Conclusion. Evidence supports the diﬀerential changes in adherence to stay-at-home orders by state political aﬃliation. These results
suggest that political messaging may be a strong factor in inﬂuencing social distancing behaviors.

Introduction
In the United States alone, there have been over 5 million conﬁrmed cases of the Coronavirus disease, and over 167 thousand deaths as
of August 14th, 2020 (“WHO Coronavirus Disease (COVID-19) Dashboard,” 2020). In response to the pandemic, and in the absence of
pharmaceutical measures, state and local governments have turned to social distancing measures as the primary mitigation strategy to
curb transmission of the virus. Social distancing measures primarily took the form of stay-at-home orders where individuals were urged
not to leave the house for anything other than essential purposes (The New York Times, 2020). However, government-enforced social
distancing policy is only as eﬀective as the extent to which people adhere to it. As governments across the country continue to look
towards directives to reduce the spread of the virus, understanding the factors that inﬂuence people’s compliance is crucial to ensuring
that these policy measures remain as eﬀective as possible.
In the early stages of the COVID-19 pandemic, President Trump suggested that the coronavirus was no worse than the ﬂu, advocated
for an earlier end to the lockdown and was against the national mandate on mask wearing. (Liptak, 2020) A preliminary survey conducted
by the Pew Research Center (Green, 2020) found that public opinion on the coronavirus outbreak is divided along party lines, suggesting
that political beliefs are a potential factor in inﬂuencing an individual’s social distancing behavior. This Pew Research study found that .
Survey results have shown signiﬁcant gaps between republican and democratic individuals in beliefs about need to socially distance,
disease risk and pandemic severity Studies have also found signiﬁcant associations between belief in science and party alignment with

level of physical distancing (Brzezinski, Kecht, Van Dijcke, & Wright, 2020). Democrats report more concerns about COVID-19 and
higher levels of social distancing compared to Republicans. However, it is unclear whether these diﬀerences in political aﬃliation
translate into actual diﬀerences in behaviors around human mobility.

Methods
Mobility Data
Human mobility data was obtained from Cuebiq’s mobility insights platform. (Cuebiq, 2020) Cuebiq is a location intelligence and
measurement platform and provides access to de-identiﬁed, large-scale human mobility data that is collected from over 15 million mobile
devices. through a General Data Protection Regulation compliant framework. Previous studies have validated the use of this dataset to
assess mobility changes in response to the COVID-19 pandemic in the United States and across the world (Grantz et al., 2020) First-party
data is collected through smartphone applications that are able to provide geographical coordinates using various location data sources
such as GPS, Wiﬁ, beacons or networks. Human mobility was quantiﬁed using the aggregated movements of all the users in the county by
taking the largest diagonal observed through all the user’s locations on each day. Users that are moving less than 330 feet (~ 100 m) from
their home are considered to be staying at home, and the total fraction of users staying at home in any given county comprises this index.
Data was collected from January 1st, 2019 to May 9th, 2020.

Analysis
A Diﬀerence-in-diﬀerence model (DiD) was used to study the relationship of state political aﬃliation and adherence to state-level stayat-home orders. In this design we used DiD to estimate the diﬀerences between republican and democratic state aﬃliations by comparing
the changes in the percent of the population staying at home over the time period surrounding the enactment of stay-at-home orders in
the United States (“Diﬀerence-in-Diﬀerence Estimation,” 2020).
Our study aimed to isolate the diﬀerential impact of stay-at-home orders on human mobility based on state political aﬃliation. Our
approach follows the diﬀerence-in-diﬀerence model with varying treatment times proposed in Goodman-Bacon (2018) and applied in
many similar studies related to social distancing behavior in response to Covid-19 (Brzezinski et al., 2020; Painter & Qiu, 2020; Wright,
Sonin, Driscoll, & Wilson, 2020). We obtain our main results by estimating the following equation :

where is the fraction of users staying at home in county c at time t, is the state policy, where = 1 if at time t, a stay-at-home order has
gone into eﬀect in state s. represents the political aﬃliation of the state, where in republican states and in democratic states. To account
for the staggered stay-at-home order time points for each state, we included county and time ﬁxed eﬀects. County ﬁxed eﬀects account
for time-invariant factors that vary across counties and may be correlated with mobility patterns such as diﬀerences in population size,
density, industries, income or geographic features. Time-ﬁxed eﬀects were also included to isolate the response to the state’s stay-athome order and account for the inﬂuence of rises in COVID-19 case counts, media reporting, and nation-wide changes in mobility
patterns.
States were classiﬁed as democratic if the democratic vote share exceeded the republican vote share and republican if the republican
vote share exceeded the democratic vote share.

Timepoints of stay-at-home
The date on which stay-at-home orders came into eﬀect for each stated was obtained from the New York Times (The New York Times,
2020). The dates of both state-level and county-level orders were taken into account. Overall, as shown in Figure 1, most democratic
states implemented stay-at-home orders earlier than republican counterparts. Two states, Utah and Oklahoma, implemented stay-athome orders at a county-level and are not shown in the ﬁgure. Six states did not implement any state or county-wide stay-at-home orders
including Iowa, Nebraska, North Dakota, South Dakota, Wyoming, and Arkansas (all of which are republican).

Two separate Diﬀerence-in-diﬀerence Analyses were conducted. The ﬁrst DiD measured the diﬀerential impact of stay-at-home orders
on democratic states versus republican states, excluding the six states that did not implement any stay-at-home orders. In order to ensure
robustness of these results and isolate the intervention eﬀects, a second DiD analysis was conducted comparing republican states with
stay-at-home orders to the six republican states that did not implement any stay-at-home policy.

Results
Descriptive Analysis
Figures 1 and 2 depict the average fraction of users staying at home in states with stay-at-home orders between January 1st, 2020 and
May 9th, 2020.

Democratic states vs. republican states (excluding states with no stay-at-home orders)
In Figure 2, the blue line represents the fraction of users that stayed at home averaged over all democratic states with stay-at-home
orders. The red line represents the fraction of users staying at home averaged over republican states with stay-at-home orders. The
frequent spikes visible in the data align with the expected weekly cycle in mobility where people tend to stay close to home on weekends
and travel further on weekdays. Before the implementation of stay-at-home orders, between January 1st, 2020 and March 19th, 2020,
approximately 22% of users were staying at home. The diﬀerence between the fraction staying at home in republican states and
democratic states is negligible during this time period. Beginning the 2nd week of March, the fraction of users staying at home rapidly
increases. Stay-at-home orders were oﬃcially implemented between March 19th and April 7th, 2020 (shaded in grey). Visually, the average
percent of users staying at home in democratic states is much greater than the average percent of users staying at home in republican
states after the intervention. This diﬀerence remains relatively constant until May 9th, 2020.

Republican states with stay-at-home vs. republican states without stay-at-home
In Figure 3, the black line represents the fraction of users staying at home averaged over all republican states with no stay-at-home
orders. The red line represents the fraction of users staying at home averaged over republican states with stay-at-home orders. Before the
implementation of stay-at-home orders, between Jan 1st, 2020 and March 19th, 2020, the fraction of users staying at home in republican
states that would enact stay-at-home orders is slightly greater than the fraction staying at home republican states that did not receive stayat-home orders. Beginning the 2nd week of March, the fraction of users sheltering in place increases among most republican states. In the
time period following the implementation of these orders, visually the average percent of users staying at home in republican states with
stay-at-home orders is greater than the average percent of users staying at home in republican states with no stay-at-home orders. This
diﬀerence also remains relatively constant until May 9th, 2020. These diﬀerences are quantiﬁed in the following section.

Diﬀerence-In-Diﬀerence

Democratic states vs. republican states (excluding states with no stay-at-home)
The diﬀerence-in-diﬀerence model was used to analyze partisan diﬀerences in the change in human mobility. The results for the ﬁrst
DiD analysis comparing democratic and republican states that implemented stay-at-home policies are shown in Table 1. Before the
implementation of stay-at-home orders, the baseline stay-at-home index in republican states was 0.2651 (p<0.001, SE=0.001) and in
democratic states was 0.2732 (p<0.001, SE<0.001). The diﬀerence in baseline values was 0.0082 (p<0.001, SE=0.001). Post
implementation of stay-at-home orders, the segmented regression analysis reveals that this diﬀerence signiﬁcantly increased to 0.0411
(p<0.001, SE=0.001).

Republican states with stay-at-home vs. republican states without stay-at-home
The results for the second DiD analysis comparing republican states that implemented stay-at-home policies to republican states that
did not implement stay-at-home policies are shown in Table 2. Before mid-March, the baseline stay-at-home index in republican states
that implemented stay-at-home orders was 0.2651 (p<0.001, SE=0.001) and in republican states that did not implement stay-at-home
orders was 0.2521 (p<0.001, SE<0.001). The diﬀerence in baseline values was 0.013 (p<0.001, SE=0.001). Post implementation of stayat-home orders, the segmented regression analysis reveals that this diﬀerence signiﬁcantly increased to 0.0142 (p<0.001, SE=0.001).

Discussion
In this study, we analyzed the diﬀerences in response to stay-at-home orders across state political aﬃliation using aggregated cellphone mobility data. Post-implementation of state-wide stay-at-home orders, the percent of users staying at home in democratic states
increased by 3.29% (p<0.001) more than the percent staying at home in republican states. Further, among republican states, the percent
of users staying at home in those that implemented stay-at-home orders increased by 0.12% (p<0.001) more than in those that did not
implement any stay-at-home orders. Evidence has showcased a strong and statistically signiﬁcant relationship between mobility patterns
and COVID-19. (Badr et al., 2020) Although we are not able to quantify how this change in mobility impact infection rates of COVID-19,
as of September 2020, 70% of new COVID-19 cases came from republican states.(Deese, 2020) Additionally, survey data shows a
persistent partisan gap in the level of concern of the pandemic and in mask wearing. (Gebeloﬀ, 2020) Our results add to the body of
literature that suggest that partisan diﬀerences may have had a strong inﬂuence on human mobility than state and county level stay-athome policies. These results reﬂect Anderson, 2020 ﬁndings that changes in social distancing behavior are primarily voluntary, and
reﬂect an individual’s belief about disease risk (Andersen, 2020). It has been reported that democratic beliefs regarding the probability of
catching COVID-19 without any social distancing is higher than the beliefs held by republicans. (Allcott et al., 2020) Furthermore, strong
democrats report beliefs that there will greater number of future COVID-19 cases in the US compared to strong republicans. (Allcott et al.,
2020) Finally, related literature has documented that political aﬃliation impacts other health-related beliefs such as enrollment in health
care insurance and perceptions about the safety of vaccines. (Allcott et al., 2020; Lerman, Sadin, & Trachtman, 2017; Long, Chen, &
Rohla, 2020; Sances & Clinton, 2019; Suryadevara, Bonville, Cibula, Domachowske, & Suryadevara, 2019)
Druckman et al. ﬁnds that polarized environments fundamentally change an individual’s decision making (Druckman, Peterson, &
Slothuus, 2013). Speciﬁcally, political polarization leads to a greater impact of party endorsement on individual opinion. Thus, political
polarization of the pandemic response perhaps resulted in greater alignment with political ideas based on partisan implications rather
than policy attributes. (Bisbee & Lee, 2020) In fact, Druckman also ﬁnds that such polarization stimulates greater than normal conﬁdence
in less substantive viewpoints. Therefore, statements by President Trump that “America wasn’t built to be shut down”, may have
inﬂuenced republican states to be less inclined to social distance and follow stay-at-home orders. These diﬀerences in stay-at-home
behaviors across states with opposing political aﬃliations may be attributed to the ongoing polarized political atmosphere where party
endorsement outweighs evidence-based policy directives.

Limitations
Firstly, our ﬁndings cannot be deemed as causal. Our data was conducted at the ecological level and although an association was seen
between state political aﬃliation and social distancing, our results do not imply causality. Secondly, state political aﬃliation was
determined by the majority voting share of the state and do not necessarily represent all voters’ political aﬃliation within that state.
However, previous research has found associations between the state level sociopolitical environment and public experiences. (Davis,
2020; Fulton, Hollingshead, Karaca-Mandic, & Scheﬄer, 2015; Rentfrow et al., 2013) Thirdly, the results obtained from this study should
be considered in light of cell-phone ownership which may limit the generalizability to the population of the U.S. Mobile phone users are
only a subset of the U.S. population and could exclude certain demographics based on socio-economic status or geographic location.
However, previous studies have validated the use of this large-scale aggregated human mobility dataset to model mobility patterns in
relation to the COVID-19 pandemic. (Grantz et al., 2020; Pepe et al., 2020) Finally, this human mobility dataset does not include
sociodemographic information and thus we did not assess how diﬀerent socioeconomic groups responded to stay-at-home orders.
Although this is out of scope of the research question, future studies should evaluate the social factors that inﬂuence barriers to social
distancing (Grantz et al., 2020; Pepe et al., 2020)

Conclusion
In conclusion, political aﬃliation may have an inﬂuence on level of adherence to social and economic policies related to the COVID-19
pandemic. Bipartisan support for eﬀective evidence-based policies is necessary to ensure the nation-wide uptake of these measures, and
ultimately reduce the transmission of COVID-19.
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