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CORONAVIRUS

Social connections with COVID-19–affected areas
increase compliance with mobility restrictions
Ben Charoenwong1, Alan Kwan2*, Vesa Pursiainen3
We study the role of social connections in compliance of U.S. households with mobility restrictions imposed in
response to the coronavirus disease 2019 (COVID-19) pandemic, using aggregated and anonymized Facebook
data on social connections and mobile phone data for measuring social distancing at the county level. Relative to
the average restriction efficacy, a county with one-SD more social connections with China and Italy—the first
countries with major COVID-19 outbreaks—has a nearly 50% higher compliance with mobility restrictions. By
contrast, social connections of counties with less-educated populations, a higher Trump vote share, and a higher
fraction of climate change deniers show decreased compliance with mobility restrictions. Our analysis suggests
that social connections are conduits of information about the pandemic and an economically important factor
affecting compliance with, and impact of, mobility restrictions.

The coronavirus disease 2019 (COVID-19) pandemic has taken
hundreds of thousands of lives, strained health care systems, and
forced shutdowns of large parts of the global economy. The first
outbreak in Wuhan, China, officially claimed the first life on
11 January 2020 and led to a lockdown of the entire Hubei province,
affecting ca. 56 million people. The second major outbreak of the
virus was in Lombardy, Italy, which led to a nationwide lockdown
on March 9 and to Italy having the highest estimated case fatality
rate in the world by mid-March. In the United States, travel from
China was restricted on January 30, and the rapid increase in local
COVID-19 cases in early March sparked large-scale mobility restrictions across many states, including further travel restrictions
(including Italy), school closures, social distancing orders, and
shelter-in-place orders (1). These interventions are broadly similar
to the measures implemented around the world during the Ebola
and H1N1 pandemics (2–9).
Interventions related to social distancing face inherent limitations
that hamper their effectiveness. Countries, as well as local governments within countries, may vary in their capacity to surveil and
enforce laws and regulations (10). Local interventions appeared effective
in stemming the outbreak in Hubei, entailing rigorous implementation of mobility restrictions throughout China (11, 12). In
the United States and other places where a similar level of enforcement may not be feasible, people must voluntarily comply with
mobility restrictions for them to be effective (13, 14). People may
choose not to comply because they perceive the risk of the pandemic
or the benefits of mobility restrictions to be low. Such perceptions
depend on the amount, quality, and interpretation of information
available for several reasons: Information acquisition is costly (15),
people might lack information due to processing constraints and
limited attention (16), and motivated reasoning may lead them to
interpret the information they receive in ways that fit their existing
biases (17).
We study how social interactions facilitated through mobile
communications affect household behavior by acting as a conduit
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of relevant COVID-19 information during the period from
1 February 2020 to 30 March 2020, in the early stages of the pandemic. We use information in a broad sense, encompassing any
information about the dangers of COVID-19 and trying personal
anecdotes or social norms about the importance of complying with
mobility restrictions. Social connections can be an important means
by which people receive such information, reducing the cost of information acquisition as they disseminate information without specific effort required (18). Moreover, socially connected persons are
typically considered trustworthy, possibly increasing the impact of
the information coming from them (19). Existing research studies
provide evidence of the influence of social connections on household decision-making. For example, news about natural disasters
flows through online social connections, acting as a warning system
during a natural disaster (20). There is also an important literature
exploring the role of online social networks in personal health decisions,
emphasizing the capacity of online social networks—and mobile
communications more broadly—to disseminate both information
and misinformation (21, 22). We extend this literature to the context of social distancing and nonpharmaceutical interventions.
We hypothesize that people receiving information about
COVID-19 through social connections with China and Italy are
more likely to comply with mobility restrictions. The reason we focus on China and Italy is that they were the first two countries to
report major outbreaks of COVID-19, earlier than the United
States. Hence, they are the most obvious sources of useful inform
ation about the severity of the pandemic. To test this hypothesis
empirically, we use observational data from Facebook’s county-level
Social Connectedness Index (SCI) (23) to measure social connectedness between U.S. counties and different foreign countries. Facebook
is the largest online social network in the world, and online connections have been shown to meaningfully reflect direct social ties, suggesting that the SCI is likely to be a good proxy for general social
connectedness (24, 25). We combine the index data with county-
level mobility data from SafeGraph, a company producing anonymized
mobile phone location statistics covering 10% of U.S. mobile devices.
SafeGraph’s social distancing measures allow us to evaluate the
empirical relationship between the extent of social connections
with China and Italy and the effect of mobility restrictions on social
distancing.
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MATERIALS AND METHODS

Data and measurement
For our analysis, we assemble a county-by-day panel dataset comprising five main components: (i) daily county-level data of social
distancing; (ii) social connectedness to COVID-19–affected areas at
the county level; (iii) daily county-level data on mobility restrictions; (iv) daily county-level data on confirmed COVID-19 cases
and deaths from the John Hopkins University, accessed through the
New York Times; and (v) county-level characteristics data from the
U.S. Census. We briefly discuss the main variables of interest below,
and section S1 provides more details on other variable definitions
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and discusses data quality. Our sample period covers 1 February
2020 to 30 March 2020.
Social distancing
Our main outcome variable measuring social distancing comes
from data provided by SafeGraph, a specialized location data company. SafeGraph obtains its data through users of mobile phone
applications who opt in to provide their anonymized location data.
For research related to COVID-19, SafeGraph has provided access
to its location and point-of-interest data to researchers and government organizations. The data include aggregated mobility measures
and the number of devices (smartphones) at the census block group
level. To identify each person’s home, SafeGraph calculates a “common
evening location,” a location where an individual typically resides
during nighttime hours (6 p.m. to 7 a.m.) using data from January 2020.
Phones spending 3 to 6 hours at a location other than their home
between 8 a.m. and 6 p.m. are classified as part-time working, while
those spending more than 6 hours from 8 a.m. to 6 p.m. are classified as engaging in full-time work behavior. This requires devices
that are seen several times throughout the day. This includes 20.1 million
devices per day over our sample period.
For our analysis, we aggregate the data to the county level and
define social distancing as
Completely Home  i,t
   
    	 (1)
	Social Distancing  i,t  =   ────────────────────
Total Device Count  i,t  − Working  i,t
where i indexes a county and t indexes a day. Completely Home and
Working refer to the number of individuals who appear to stay
completely home during the day and those working (either part
time or full time), respectively. By subtracting out from the denominator those who go to work (presumably out of necessity), we take
into consideration the fact that people may be constrained in their
ability to choose to stay at home (26). Hence, we consider the ratio
of those mobile devices, which remain completely at home relative
to individuals with the choice to stay home. This ratio varies from
0 to 1, with 80% of the data in the range of 0.248 to 0.446 and an
average of 0.337.
Social connectedness
To measure county-level social connections with different counties
and countries, we use the SCI provided by Facebook (23, 27). Leveraging
Facebook’s 2.5 billion active users globally and 190 million active
users in the United States (as of 2019), the SCI calculates the relative
frequency of Facebook friendship links between every county-pair
in the United States, as well as every county in the United States to
every country, defined for pairs of geographical regions i and j as
Facebook Connection s  i,j
Facebook User s  i  × Facebook User s  j

─────────────────────
   

	
	Social Connectedness Inde x  i,j =    

(2)
The index we use is based on active Facebook users as of April 2016
and can be interpreted as a measure of the relative probability of a
Facebook friendship between a given Facebook user location i and j.
For each country, the SCI for the county with largest number of
friendship links is normalized to 1,000,000.
Mobility restrictions
We obtain data on restrictions imposed in different states from a
crowd-sourced project, which we verify against news articles and
other crowd-sourced lists. Different regions within the United
States have implemented different restrictions, depending on their
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We find that the estimated effect of mobility restrictions on social distancing is significantly larger for counties with more social
connections with China or Italy. We then examine two main alternative interpretations of our findings: that social connections proxy
for risk exposures such as traveling or that social connections convey information. First, as social connections with China or Italy
might be correlated with travel from affected areas, we ask whether
households socially distance in response to heightened concerns
about travelers from areas with a lot of reported cases. Our findings
suggest that this is unlikely, as our results are weaker in areas with
populations at higher risk from COVID-19, as measured by population density and rates of diabetes and obesity. Our results also remain unchanged when excluding counties with commercial airports
and those adjacent to them. These findings suggest that the increase
in the effect of mobility restrictions is primarily driven by differences
in information, not in risk.
After showing evidence more consistent with social connections
acting as a conduit of information than as a proxy for risk exposures,
we further analyze the informational role of social connections by
addressing three questions: (i) does the importance of social connections as a conduit of information depend on proxies of sophistication, (ii) do the estimated effects of social connections simply reflect
motivated reasoning such as political preferences, and (iii) does
similarity between socially connected populations modulate the
effect of information through social connections? In analyses
addressing each of these three questions, we find that (i) social connections have a larger estimated effect in counties with older populations
and those with fewer people with at least a bachelor’s degree, (ii) partisan differences in social distancing behavior are more consistent
with differences in information than with motivated reasoning, and
(iii) social connections between counties with a higher fraction of
Asians and Italy, as well as those with a higher fraction of whites and
China, generate larger estimated effects of mobility restrictions on
social distancing.
Last, we find evidence consistent with social connections disseminating both information and misinformation. When considering measures of social connections with areas within the United
States that are likely to spread or believe in misinformation, we find
the opposite results. More connections with counties with low education levels, counties with a higher share of voters who voted for
Donald Trump in the 2016 presidential election, and counties with
a higher fraction of people denying the existence of climate change
are all associated with a decrease in the effect of mobility restrictions. These results suggest that the potential role of social connections in influencing pandemic-related household behavior may be
large, but not unequivocally positive.
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exposure to the pandemic, institutional capacity, and other local
factors. The restrictions are classified into five types: school closures,
closures of public places, restrictions of gatherings, shelter-in-place
orders, and closures of all nonessential businesses. Restrictions are
generally at the state level, but in some cases, there is also additional
county-level variation in measures imposed above and beyond those
imposed by the state.

Social Distancing  i,t  = γ  i  + α  s(i),t  + βRestrictions  i,t  ×

	      	
ln (SC I  i  ) + ϕ Restrictions  i,t  + ψln (Cases  i,t  ) +  ε  i,t

(3)

where i indexes a county, t indexes a day, s(i) indexes a state that a
county i is in, and SCIi is the SCI with either China or Italy. The
outcome variable is our measure of social distancing, and the variable
of interest is Restrictionsi, t × ln (SCIi), which captures the incremental response to mobility restrictions related to social connections.
Restrictionsi, t is a variable ranging from 0 to 5, counting the number of mobility restrictions in force in a county on a given day t. For
example, for a state that implements two mobility restriction policies on the same day with no existing policies, Restrictionsi, t jumps
from 0 to 2. This measure contains statistical variation along both
the extensive margin, capturing counties implementing their first
sets of mobility restrictions, as well as the intensive margin, capturing
counties increasing the number of existing measures. This simple
measure does not take a stance on exactly which type of mobility
restriction is most effective, as the implementation of restrictions is
typically clustered through time, as shown in Fig. 1. The coefficient
of interest is : the differential effect of one additional mobility
restriction for counties with more social connections with Italy or
China versus those with fewer social connections.
The remaining variables are high-dimensional fixed effects and
controls included to account for confounding variables that might
affect the outcome variable or the variables of interest. First, we include a control variable for the daily number of local COVID-19
cases, ln (Casesi,t), which represents the natural log of one plus the
cumulative number of cases within a county, a measure of the severity
of the local COVID-19 situation, which likely affects the perceived
risk (28). Second, we include s(i),t, a set of state-by-day fixed effects
that control for any state- and nationwide policy, which may conCharoenwong et al., Sci. Adv. 2020; 6 : eabc3054
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RESULTS

In this section, we first document our main results. In subsequent
subsections, we conduct tests to help clarify alternative interpretations
of our findings.
Social connections and mobility restrictions
We first document the relationship between social connections and
estimated effects of mobility restrictions on social distancing. Over
20 states initiated their first mobility restriction on 16 March 2020.
States often implement several restrictions simultaneously, but on
average, states appear to first close schools and public places, then
restrict gatherings, and finally implement shelter-in-place orders.
The top five states have more than three mobility restrictions, and
throughout our sample from 1 February to 30 March 2020, the average
state has 0.629 restrictions. By the end of the sample period, the
average number of mobility restrictions across states is 3.1.
There are large differences across counties and days in social distancing and social connections. For social distancing, counties in
the lowest decile (those with the bottom 10% in social connections)
spend up to 24.8% of flexible time at home, while counties in the top
decile spend at least 44.6% of flexible time at home, with a mean of
33.7% and SD of 8.1%. For social connections, the SCI for each
country is normalized to 1,000,000 for the county with the most
social connections to it. To limit the impact of outliers, we winsorize
the SCI indices at the 1% level, thus limiting the maximum values
for China and Italy to 76,447 and 99,145, respectively. Counties in
the lowest decile of social connections have SCI values of up to
48 and 64 for China and Italy, respectively, while the corresponding
top decile values are 6692 and 8825. The mean of SCI China is 3519,
and SD is 10,635. The corresponding values for SCI Italy are 4357
and 13332, respectively. In our regression specifications, we use the
natural logarithm of the SCI indices, which makes their distributions less skewed. County-level SCI indices with China and Italy are
only 0.016 to 0.017 correlated with the number of restrictions.
Figure 1 (A and B) shows the county-level average number
of types of restrictions implemented in calendar time and relative
to the first restriction in the county. Figure 1C shows a map of the
SCI with China for illustrative purposes. Figure 1D shows the
average social distancing plotted conditional on the county’s social
connectedness with China. It is visible that counties in the top 10%
of social connectedness to China exercise substantially more
social distancing immediately after the imposition of mobility
restrictions.
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Empirical design
Our main hypothesis is that social connections with China and Italy
are associated with higher estimated effects of mobility restrictions
on social distancing. We use a continuous treatment differences-indifferences regression specification to analyze the differences in
response to mobility restrictions based on social connections with
China or Italy. This approach falls under the category of “quasi-
experimental methods” as there are treatment and control interpretations to our specification. The treatment group is counties with
high social connections with China and Italy, and the control group
is counties with lower social connections with China and Italy. The
treatment is the introduction of mobility restrictions. This specification is not a controlled experiment because the group classifications are not randomly assigned and the treatment decisions come
from policymakers. Statewide mobility restrictions might be partly
related to county-level characteristics. Therefore, we model county-
specific characteristics and the local COVID-19 situation, measured
by the number of confirmed cases, in our regression analysis. We
set up this analysis according to the equation

found mobility restrictions and social distancing. This means that
our analysis captures the variation of social distancing responses
within states, not between them. For example, our empirical results
are not influenced by state governors or federal-level changes in aid
packages that affect each county within the state in a similar manner.
Third, we include i, a set of county fixed effects that control for any
confounding average differences in county characteristics, such as
personal wealth level, industry composition, age distribution, political
leaning, and county-level fiscal conditions, which might affect both
social connections and social distancing. Last, to address potential
heteroscedasticity in our statistical inference, we use cluster-robust
SEs along the county and day dimension, permitting time series
correlation of social distancing and restrictions within a county, as
well as contemporaneous correlations across states on the same day.
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Fig. 1. Number of county-level restrictions, SCI China, and social distancing. (A and B) County average number of types of restrictions implemented (0 to 5) in calendar time and relative to the first restriction in the county. As of 30 March 2020, the number of state-level school closing is 52, closures of public places is 43, stay-at-home
orders is 36, no-gatherings is 20, and banning nonessential services is 11. (C) Map of the SCI with China. (D) Average Social distancing plotted conditional on the county’s
social connectedness with China, the first country severely affected by COVID-19. Counties are sorted into 10 portfolios by state based on SCI China. Portfolio 10 represents the highest social connectedness to China, and 1 represents the lowest.

Table 1 shows our regression analyses from our main empirical
specification in Eq. 3. Column 1 runs the analysis for social connections
with China, and column 2 runs the analysis for social connections
with Italy. We find a significant positive relationship between the
impact of restrictions on social distancing and social connections
with China and Italy. The economic magnitudes across columns 1
and 2 are similar. However, when comparing the effects of social
connections with China to those with Italy, column 3 shows that
when included in the same regression specification, connections with
Italy dominate connections with China in relative importance. We
conjecture that this may be due to Facebook restrictions in China
since July 2009.
Other reasons may include different time zones, with Italy sharing
more intersecting hours of the workday with the United States, relative
linguistic similarity, and potentially different information being shared
from the two countries. For example, China had a stricter lockdown
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and articles or content shared may have focused more on the
governmental response, while information from Italy may have focused more on mortality.
Although access to Facebook in China is still possible through a
virtual private network with an estimate of 1.3 to 2.9 million active
users, Facebook usage as a fraction of total population is much lower
than that of Italy (51% as of September 2018), where the figures are
based on Statista Digital Market Outlook from February 2019 and
Internet World Statistics as of 10 April 2020. This might mean that
it is a less accurate proxy for general social connections with China
than with Italy.
The economic magnitude of the effect of social connections is
large. Relative to a county with average social connectedness, a one
SD increase in social connectedness to China or Italy—approximately
an increase of five times the existing number of connections in a
given county—increases the estimated effect of mobility restrictions
4 of 10
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Table 1. The efficacy of mobility restrictions and social
connectedness. The dependent variable is Social distancing. Restrictions
is the number of the five restriction types currently adopted in the county.
SCI China and SCI Italy are the SCI values between the county and China
and Italy, respectively. N cases is the current number of confirmed cases in
the county. Heteroscedasticity-consistent SEs, double-clustered by county
and day, are shown in parentheses. Significance levels: *0.1, **0.05, and
***0.01.
(1)
Restr. × ln(SCI China)

(2)

0.0048***
(0.0004)

(3)
0.0011**
(0.0005)

Restr. × ln(SCI Italy)

0.0052***
(0.0004)

0.0042***
(0.0005)

−0.0245***
(0.0040)

−0.0280***
(0.0043)

−0.0280***
(0.0042)

ln(N cases)

0.0122***
(0.0009)

0.0114***
(0.0009)

0.0113***
(0.0009)

Yes

Yes

Yes

State-Day FE

Yes

Yes

Yes

N

County FE

184,766

184,766

184,766

R2

0.756

0.756

0.756

by 45 and 47%, respectively. The details of this calculation are explained in section S3. In terms of statistical importance, section
S3 discusses the relative improvement in R2 due to social connections. The incremental R2 from the inclusion of social connectedness is approximately 10% of the effect of mobility restrictions
themselves.
Our main hypothesis is that social connections with the early
epicenters of the pandemic increase the estimated effects of mobility
restrictions by acting as a conduit of information. Consistent with
this hypothesis, we find an economically and statistically significant
positive relation between social connections with Italy and China
and the estimated effect of mobility restrictions on social distancing.
However, the alternative explanation for this positive relationship is
that social connections may be correlated with travel between the
two regions. Counties with more social connections with China or
Italy may have more travelers from these countries and hence possibly face a higher risk of infection. This could result in more social
distancing without more information. Although this concern is
partially mitigated by the fact that international travel restrictions
were imposed on China at the beginning of our sample and on Italy
in the middle of our sample, physical travel could still have occurred.
Hence, we next conduct additional empirical analyses to test this
risk exposure hypothesis.
Information or risk exposures
The impact of social connections on the estimated effect of mobility
restrictions could either reflect information brought about via
social connections or perceived exposure to risk from travelers. To
differentiate these two possibilities, we study whether differences in
the effect of mobility restrictions related to social connections with
China and Italy differ across county risk profiles. If social connectedness is simply a proxy for physical risk exposure, counties with
populations that are more at risk from COVID-19 should be more
sensitive to social connections.
Charoenwong et al., Sci. Adv. 2020; 6 : eabc3054
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The nature of information in social connections
County-level sophistication
People who are less informed about the risk of the pandemic might
be less responsive to voluntary mobility restrictions and more affected
by information received through social connections. In Table 3, we
study two measures that are likely to be correlated with the level of
information: age and education. First, columns 1 and 2 show that
counties with older populations are less compliant with mobility
5 of 10
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Restrictions (0–5)

Instead, if information is the main channel, the role of social
connections in conveying new information should be smaller as
people will be more incentivized to seek information elsewhere apart
from their social connections. Because the marginal benefit of relevant information is higher for those with higher risk exposures, they
will be more likely to pay a cost to actively search for information in
other sources rather than simply rely on their social connections. In
this sense, motivated by economic theory on rational inattention (29),
if the main mechanism through which social connections affect the
estimated effects of mobility restrictions on social distancing is information, then high-risk populations are likely less affected.
In Table 2, we study the interaction of three risk factors with
mobility restrictions and social connections: proximity to an airport, diabetes, and population density. A risk-based explanation
interprets social connections as a proxy for risk from greater flow
thus, counties that are more at risk from travel from China or Italy
should respond more to the interaction of social connections and
mobility restrictions. The first two columns repeat our main analysis excluding counties with airports and adjacent counties, finding nearly identical coefficients. This result suggests that social
connections with China and Italy do not increase the estimated effects
of mobility restrictions on social distancing through perceptions of
risk of travelers. Columns 3 through 6 test whether at-risk populations with high fractions of diabetic individuals and those in more
densely populated areas respond more to social connections. The
coefficients suggest that counties with a one SD higher population
density have a roughly one-fourth smaller effect of social connections.
People in more at-risk areas exhibit a smaller increase in the estimated
effect of mobility restrictions due to social connections, which is
inconsistent with a risk-based explanation. Therefore, our results appear
more consistent with information flow via social connections.
In section S1, we perform further tests to confirm that our results
are not driven by traveler risk. We find similar empirical results
when excluding the state of New York, the epicenter of COVID-19
cases in the United States, as well as states adjacent to New York,
which would be within a short travelling distance. The results are
also robust to excluding the 20% of U.S. counties with the highest
share of Asians. Similar to the results on diabetes, we also find that
more obese populations comply with restrictions better and are less
affected by additional information via social connections.
Together, the additional results above are more consistent with
social connections acting as a conduit of information rather than
acting as a proxy for risk exposures. However, what kind of inform
ation is transmitted through social connections? In the following
section, we explore the nature of information transmitted through
social connections by documenting whether counties with a more
sophisticated population respond differentially to social connections, whether the information interacts with motivated reasoning,
and whether homophily in social connections creates redundancies
or complementarities with social connections.

SCIENCE ADVANCES | RESEARCH ARTICLE
Table 2. The effect of social connectedness across risk groups. The dependent variable is Social distancing. Restrictions is the number of the five restriction
types currently adopted in the county. SCI China and SCI Italy are the SCI values between the county and China and Italy, respectively. Diabetic is the share of
county population diagnosed to have diabetes. Population density is the average population density in the county, measured in thousand people per square
mile. N cases is the current number of confirmed cases in the county. Columns 1 and 2 exclude all counties with commercial airports handling at least 10,000
commercial services per year, as well as adjacent counties. Heteroscedasticity-consistent SEs, double-clustered by county and day, are shown in parentheses.
Significance levels: *0.1, **0.05, and ***0.01.
Ex. airp. & adj. counties
(1)
Restr. × ln(SCI China)

0.0045*** (0.0006)

Restr. × ln(SCI Italy)

Diabetes

(2)

(3)

Pop. density
(4)

0.0081*** (0.0008)
0.0054*** (0.0006)

Restr. × ln(SCI China) ×
Diabetic

(5)
0.0046*** (0.0004)

0.0088*** (0.0008)

0.0051*** (0.0004)

−0.0354*** (0.0057)

Restr. × ln(SCI Italy) ×
Diabetic

−0.0374*** (0.0057)

Restr. × Diabetic

0.1588*** (0.0341)

0.1782*** (0.0360)
−0.0012*** (0.0003)

Restr. × ln(SCI Italy) ×
Pop. density

−0.0007*** (0.0003)

Restr. × Pop. density

ln(N cases)
State-Day FE
County FE

0.0140*** (0.0038)

0.0085*** (0.0030)

−0.0438*** (0.0061)

−0.0236*** (0.0040)

−0.0273*** (0.0043)

0.0110*** (0.0009)

0.0101*** (0.0009)

0.0123*** (0.0009)

0.0114*** (0.0009)

Yes

Yes

Yes

Yes

−0.0159***
(0.0058)

−0.0200*** (0.0059)

−0.0384*** (0.0057)

0.0138*** (0.0020)

0.0117*** (0.0019)

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

N

44,405

44,405

184,766

184,766

184,766

184,766

R2

0.713

0.714

0.757

0.757

0.756

0.756

restrictions, as reflected in the negative coefficient estimated for Restr. × ln (Age). Because older populations are more susceptible to
the COVID-19 virus (30), if they were informed, we would expect
larger estimated effects of mobility restrictions among counties
with older populations. However, our estimates suggest the opposite. The coefficient of interest on Restr. × ln (Age) × ln (SCI China)
is positive, meaning the impact of social connections on the estimated effects of mobility restrictions is higher in older populations,
consistent with older populations actually being less informed
about the impact of COVID-19.
Similarly, columns 3 and 4 show that counties with a smaller
share of college-educated residents are less responsive to restrictions, as illustrated by the positive coefficient on Restr. × Education.
In addition, consistent with the age result, we find a negative sign
on our coefficient of interest on Restr. × ln (Education) × ln (SCI),
meaning that the impact of social connections on the estimated effects of mobility restrictions is higher in less educated counties.
However, this relation is only statistically significant for social connections with China, whereas the interacted effect with social connections with Italy has a t statistic of roughly 1. This evidence suggests
that social connections may be less important in explaining the
responsiveness of relatively educated demographics to mobility restrictions. This is consistent with education and information transmission from social connections being possible substitutes.
New information versus motivated reasoning
Even if people received the same information, they may interpret it
differently. Motivated reasoning means people interpret informaCharoenwong et al., Sci. Adv. 2020; 6 : eabc3054
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tion in a biased fashion to achieve the preferred conclusion. In the
United States, studies show that people with different political orientations respond differently to public health policies (31, 32). Political orientation even appears to affect primary care physicians’
recommendations for patients on politicized health issues, such as
drug use, firearm safety, and sexual behavior (33). A concurrent
study also provides evidence that political views have a significant
effect on social distancing, with Republicans generally being less
likely to socially distance (34). These differences may be because
they receive different information (35, 36), or because of motivated
reasoning, which leads individuals to misinterpret information to
better fit their existing biases (17).
In the setting of the pandemic response in the United States, a
natural question is whether the partisan differences in estimated effects of mobility restrictions on social distancing are mitigated or
amplified by social connections. This analysis also provides an opportunity to test whether the partisan divide is more consistent with
information differences or motivated reasoning. If Republican
counties are less aware of the risks of COVID-19 than Democratic
counties, they should be more affected by information from social
connections. On the other hand, if the differences are driven purely
by motivated reasoning, Republican counties should be less affected
by social connections: Any information coming from them might
be interpreted as false or not applicable to them and hence have a
smaller effect on social distancing behavior.
In Table 4, we test the effect of social connections on the effect of
mobility restrictions conditional on whether the county voted
6 of 10
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Restr. × ln(SCI China) ×
Pop. density

Restrictions (0–5)

(6)
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Table 3. The effect of social connectedness by demography. The
dependent variable is Social distancing. Restrictions is the number of the
five restriction types currently adopted in the county. SCI China and SCI
Italy are the SCI values between the county and China and Italy,
respectively. Age is the median age of the county population. Education is
the share of county population having a bachelor’s degree or higher.
N cases is the current number of confirmed cases in the county.
Heteroscedasticity-consistent SEs, double-clustered by county and day,
are shown in parentheses. Significance levels: *0.1, **0.05, and ***0.01.
Age
(1)
Restr. × ln(SCI
China) × ln(Age)

(2)

(3)

0.0041***
(0.0014)
−0.0242**
(0.0097)

−0.0253**
(0.0100)
−0.0037**
(0.0017)

Restr. × ln
(SCI Italy) × Edu.

−0.0018
(0.0018)
0.0770***
(0.0150)

Restr. × Education
−0.0106**
(0.0051)

Restr. × ln
(SCI Italy)

0.0624***
(0.0155)

0.0044***
(0.0006)
−0.0099*
(0.0051)

0.0044***
(0.0006)

0.0646*
(0.0358)

0.0655*
(0.0369)

−0.0335***
(0.0050)

−0.0336***
(0.0053)

0.0125***
(0.0009)

0.0117***
(0.0009)

0.0104***
(0.0009)

0.0094***
(0.0010)

State-Day FE

Yes

Yes

Yes

Yes

County FE

Yes

Yes

Yes

Yes

N

184,766

184,766

184,766

184,766

R2

0.756

0.756

0.758

0.758

Restrictions (0–5)
ln(N cases)

Democratic or Republican in the 2016 presidential election. Columns 1
and 2 interact SCI indices with an indicator of whether the county
is Republican or Democratic. Consistent with the abovementioned
studies, we find that Republicans are generally less responsive to
mobility restrictions. However, the estimated coefficients for interaction terms with ln(SCI China) and ln(SCI Italy) are positive,
showing that the effect of social connections is 17 to 25% larger for
Republican counties than for Democratic ones. These results suggest that the documented partisan differences in social distancing
are more consistent with differences in information than with motivated reasoning and that social connections with areas with more
relevant information may mitigate the partisan differences in public
health policy responses.
New information versus trust and homophily
Rather than social connections facilitating information flow, the
larger estimated effects of mobility restrictions on social distancing
due to social connections may reflect race-based trust, a potential
confounding variable. On the one hand, more similar socially connected people trust each other more (37). On the other hand, people
Charoenwong et al., Sci. Adv. 2020; 6 : eabc3054
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Restr. × ln
(SCI China) ×
Edu.

Restr. × ln
(SCI China)

(4)

0.0042***
(0.0014)

Restr. × ln(SCI
Italy) × ln(Age)
Restr. × ln(Age)

Education

with similar traits and norms are more likely to be socially connected
(38–40) and may therefore have similar information sets.
The trust hypothesis predicts that counties with more similar racial compositions with China or Italy would trust social connections
from those areas more. In other words, counties with a larger white
fraction of the population should be more responsive to social connections with Italy, while counties with a larger Asian fraction of the
population should be more responsive to social connections with
China.
Homophily in culture or norms implies that socially connected
people of the same race may have similar information and norms.
In this case, counties with a larger white fraction of the population
will tend to have similar information sets as Italy and counties with
a larger Asian fraction of the population will tend to have similar
information sets as China. Therefore, if social connections facilitate
information transmission, we should see social connections between
counties with more Asians and Italy to be more influential than
connections with China and vice versa for counties that have a
larger white fraction of the population. Last, without the effects of any
homophily in social connections, there should be no differential
responses.
Columns 3 and 4 of Table 4 provide no evidence of race-based
homophily and instead suggest that there appears to be more useful
information to be gained across racial lines. More Asian communities are statistically more responsive to mobility restrictions when
they are more socially connected to Italy. Meanwhile, more white
communities with a larger fraction of Caucasian households are
more responsive to social distancing restrictions when they are socially connected to people in China. In terms of economic magnitude, social connections to Italy in counties with 10% more Asian
people have more than double the average effect from social connections to Italy, while social connections to China in counties with
10% more white people have an effect around 14% larger than the
average effect from social connections to China based on the main
results in Table 1.
These results are consistent with social connections facilitating
information flow, as we find that more cross-racial social connections increase the estimated effect of mobility restrictions more.
Homophily in social connections manifests as those with similar
characteristics are more likely to be friends. For example, people in
counties with a larger Asian fraction of the population and people
in China may follow similar news sources, and therefore, on the
margin, the social connections may be less useful in transmitting
additional information. Such counties likely also have less overlapping information sets with people in Italy, so on the margin social
connections with Italy may transmit more information. Therefore,
cross-racial social connections will tend to transmit more incremental information.
Misinformation
Last, we study whether social connections may also transmit misinformation resulting in negative public health outcomes. For example,
social connections with people who deny the existence of climate
change might be associated with a flow of misinformation about the
pandemic. If social connections spread misinformation that reduces the perceived severity of the situation, such connections would
associate with reduced estimated effects of mobility restrictions on
social distancing. We use three possible but imperfect proxies for
misinformation: low education level, Trump vote share in the 2016
presidential election, and climate change denial.

SCIENCE ADVANCES | RESEARCH ARTICLE
Table 4. The effect of social connectedness by political orientation and race. The dependent variable is Social distancing. Restrictions is the number of the
five restriction types currently adopted in the county. SCI China and SCI Italy are the SCI values between the county and China and Italy, respectively. Republican
is a dummy taking the value one if more people voted Republicans than for Democrats in the 2016 presidential election. Asian and White are the shares of
county population classified as Asian and White in the Census, respectively. N cases is the current number of confirmed cases in the county. Heteroscedasticityconsistent SEs, double-clustered by county and day, are shown in parentheses. Significance levels: *0.1, **0.05, and ***0.01.
Political orientation

Race

(1)
Restr. × ln(SCI China) × Rep.

(3)

(4)

0.0010** (0.0004)

Restr. × ln(SCI Italy) × Rep.
Restr. × Republican

(2)
0.0008* (0.0004)

−0.0066* (0.0034)

−0.0051 (0.0034)

Restr. × ln(SCI China) × Asian

−0.0601* (0.0303)

Restr. × ln(SCI Italy) × Asian

0.0723** (0.0299)

Restr. × Asian

−0.0824 (0.0896)

Restr. × ln(SCI China) × White

0.0066** (0.0032)

Restr. × ln(SCI Italy) × White

−0.0048 (0.0034)

Restr. × ln(SCI China)

0.0060 (0.0078)
0.0040*** (0.0005)

Restr. × ln(SCI Italy)

0.0016*** (0.0006)

−0.0043 (0.0027)

0.0046*** (0.0005)

0.0034*** (0.0006)

0.0083*** (0.0030)

Restrictions (0–5)

−0.0199*** (0.0047)

−0.0245*** (0.0050)

−0.0251*** (0.0043)

−0.0357*** (0.0072)

ln(N cases)

0.0129*** (0.0010)

0.0120*** (0.0010)

0.0106*** (0.0009)

0.0122*** (0.0010)

State-Day FE

Yes

Yes

Yes

Yes

County FE

Yes

Yes

Yes

Yes

N

184,766

184,766

184,766

184,766

R2

0.756

0.756

0.757

0.757

For this analysis, rather than using social connections with foreign countries, we construct an adjusted social connection index for
each county, weighting connections with other counties’ based on
proxies for misinformation. In this calculation, we exclude one’s
own state from the calculations. For example, when calculating the
climate change denial SCI-weighted measure for Los Angeles county,
we use Los Angeles county’s social connections with other counties
but exclude other California counties.
Table 5 shows consistent results across all three proxies of
misinformation. Column 1 suggests that being socially connected
to less educated communities is associated with a decreased effect of
mobility restrictions. Similarly, columns 2 and 3 suggest that social
connections with counties where a larger share of population voted
for Donald Trump in the 2016 election and with counties with a
higher fraction of population denying the existence of climate
change are associated with a reduction in the effect of mobility restrictions. These results suggest that social connections may also
disseminate information that makes individuals less likely to comply with mobility restrictions.
Overall, our findings show that both information and misinformation appear to be transmitted through social connections. However, there may be additional interpretations of our results due to
other confounding variables like altruism or remote working. For
example, counties with more social connections overall may be more
conscientious and therefore comply more with social distancing.
Alternatively, counties with more social connections to China or
Italy may also have switched more to remote working in response to
mobility restrictions. In such a case, the increase in the estimated
Charoenwong et al., Sci. Adv. 2020; 6 : eabc3054

18 November 2020

effect of mobility restrictions does not reflect voluntary changes in behavior but simply reflects changes in firm policies. In the section below,
we provide additional empirical tests of such confounding effects.
Other robustness checks
Given the definition of Facebook’s SCI, counties more socially connected with China or Italy may also be socially connected to other
countries in general. Such counties might be generally more cosmopolitan, aware of news, or more altruistic. Although plausible, this
interpretation appears inconsistent with the data for two reasons:
(i) The same results appear when using relative friend probabilities
(see table S4), a measure of social connections that is scaled by population and for which measures across countries are less correlated,
and (ii) social connections with China and Italy appear to matter
significantly more than social connections with other countries that
are unlikely to have more COVID-19–related information than the
United States (table S6).
In addition to information from China or Italy, people may also
respond to domestically generated COVID-19 information. We find
evidence of this in section S4.5, which shows that social connections
with counties in New York, as well as a social connection–weighted
measure of U.S. cases, increase the efficacy of mobility restrictions.
Both results corroborate our main finding that social connections
transmit relevant information that affects the efficacy of mobility
restrictions in the pandemic response.
Last, we consider how differences in ability to work remotely or
remain employed during the pandemic may affect our inferences.
One might wonder if socially connected counties differ in manners
8 of 10
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Table 5. Misinformation via social connections. The dependent
variable is Social distancing. Restrictions is the number of the five
restriction types currently adopted in the county. SCI-weighted Low
education is the SCI-weighted average of the proportion of people with
less than a bachelor degree in the counties that the county itself is
connected to, SCI-weighted Trump vote is the SCI-weighted average of
the Trump vote share in the 2016 presidential election in the counties that
the county itself is connected to, and SCI-weighted Climate denial is the
SCI-weighted average of the share of people saying climate change is not
happening in the counties that the county itself is connected to. All
SCI-weighted variables exclude the counties located in the same state.
N cases is the current number of confirmed cases in the county.
Heteroscedasticity-consistent SEs, double-clustered by county and day,
are shown in parentheses. Significance levels: *0.1, **0.05, and ***0.01.
(1)
Restr. × SCI-w
Low
education

(2)

(3)

−0.2286***
(0.0216)
−0.0010***
(0.0001)

Restr. × SCI-w
Climate denial

−0.0015***
(0.0004)

Restrictions (0–5)

0.1664***
(0.0162)

0.0573***
(0.0076)

0.0301***
(0.0079)

ln(N cases)

0.0185***
(0.0011)

0.0199***
(0.0011)

0.0233***
(0.0012)

State-Day FE

Yes

Yes

Yes

County FE

Yes

Yes

Yes

185,356

185,356

185,356

0.752

0.751

0.749

N
R

2

relevant for responses to mobility restrictions. For example, workers
with international social connections might have higher income
and thereby be able to afford not going to work, or have a greater
ability to do remote work. In section S4.6, we discuss the issue at
length. In short, we argue that work adjustments are unlikely to account
for our results: Adjustments to work activity in the short window
after the first mobility restriction were much smaller than the adjustments to devices remaining at home. Furthermore, we discuss
numerous approaches to take in measuring county-level heterogeneity
in local unemployment rates, remote work, delivery work, and other
economic characteristics. We incorporate these data to construct
multiple variations of our social distancing measure, finding quantitatively similar estimates in all empirical specifications.
DISCUSSION

We find robust evidence that U.S. counties with more social connections with the two countries most severely affected by COVID-19
early on, Italy and China, comply significantly more with mobility
restrictions imposed by local governments. Our additional analysis
suggests that this effect is most consistent with relevant information
flow through social connections, as opposed to social connections
acting as a proxy for risk of travel flow from affected areas. These
findings have two major implications. First, the information that people
possess about the severity of a pandemic is likely to affect the efficacy
of mobility-based nonpharmaceutical interventions. Second, social
Charoenwong et al., Sci. Adv. 2020; 6 : eabc3054
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