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Abstract

We study people’s preferences for the demographic composition of co-patrons in
venues they visit. Can these demographic preferences explain income segregation in
shared spaces? To isolate demographic preferences from tastes for venue features, we
study venue choice within business chains offering standardized services. We find two
main patterns: rich and poor people show similar racial homophily, and all racial
groups prefer high-income co-patrons to a similar degree. These demographic prefer-
ences are economically large and correlate with movers’ neighborhood choices. Even
without residential segregation, demographic preferences alone would generate large

demographic gaps in exposure to high-income people.
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1 Introduction

Americans are segregated by race and income not only where they live, but also where they
shop, dine, and socialize. Segregation in shared commercial spaces matters because contact
with high-income individuals shapes people’s opportunities and economic outcomes. Some
venue segregation may simply reflect people visiting places near their homes. But venue
segregation may also arise because people choose where to go based on the income or race
of others they expect to encounter. In this paper, we estimate people’s preferences over the
racial and income composition of their co-patrons and assess how much these demographic
preferences explain observed segregation.

To measure exposure to high-income co-patrons within commercial venues, we use data on
the movements of millions of smartphones in the United States in 2018 and 2019. By joining
these movement data with building-level residential demographics, we measure the income
composition of each venue’s patrons and characterize exposure to high-income co-patrons
across eight demographic groups. These groups comprise four racial/ethnic categories (Asian,
Black, Hispanic, and White) interacted with two income categories (above and below median
income).*

We document substantial income segregation in shared spaces and large differences in
exposure to high-income co-patrons across both racial and income groups. Within each
racial group, higher-income individuals experience greater exposure to other high-income
co-patrons. However, there are stark racial differences in exposure: Black and Hispanic
individuals have significantly less high-income exposure than Asian and White individuals
of similar income. For example, high-income Black individuals experience roughly the same
high-income exposure as low-income White individuals.

We study the extent to which these exposure differences result from demographic prefer-
ences: how individuals choose venues based on the demographics of the people they expect to
encounter there. These preferences may reflect direct affinities (e.g., greater comfort among
members of the same race) or indirect effects originating from how the mix of patrons in-
fluences the atmosphere of a venue (e.g., a coffee shop filled with young professionals feels
more productive). Because demographic preferences shape with whom people spend time,
they may be important determinants of social integration and economic opportunities.

We estimate these demographic preferences by modeling individuals’ choices among
venues within the same business chain. The model allows us to distinguish the role of

demographic preferences from alternative explanations for venue segregation: proximity to

IFollowing US government and social science conventions, the four racial/ethnic groups we observe are
non-Hispanic Asian, non-Hispanic Black, Hispanic, and non-Hispanic White. For the sake of brevity, we
often omit the adjective “non-Hispanic” and simply refer to these racial/ethnic groups as racial groups.



venues (e.g., low-income individuals may live farther from venues patronized by high-income
people) and preferences for product attributes (e.g., groups may differ in their price sensitiv-
ity or tastes for specific services). We specify demographic preferences as a function of the
share of co-patrons who are high-income and the share who are of the same race as the indi-
vidual. We estimate a specification sufficiently flexible to capture interactions between racial
and income composition and distinguish preferences for perfectly homogeneous co-patrons
from a mere aversion to being unlike everyone else.

Our preference estimation strategy relies on the detail and scale of the smartphone data:
we observe where people live, the venues they visit, and other venues in the same chain. To
illustrate, Figure 1 shows a residence in suburban Philadelphia and two nearby Starbucks
locations that an individual residing there could patronize.? Starbucks 1 has a mixed demo-
graphic composition, while Starbucks 2, located 0.5 km farther away, has patrons who are
predominantly high-income and White. An individual who prefers a closer coffee shop and
also prefers high-income White co-patrons must trade off these characteristics when choosing
between Starbucks 1 and 2. Choosing 2 over 1 would reveal a preference for high-income
White co-patrons. We exploit many such choices in our data to estimate the strength of
demographic preferences relative to travel costs.

Our estimation sample consists of direct trips to chain restaurants. Because our discrete-
choice model assumes that the sole purpose of each trip is to visit the chosen venue, we restrict
our sample to direct trips that start and end at home without visiting other places. Chain
restaurants are well suited as a laboratory for estimating demographic preferences because
they are frequently visited and tend to provide uniform products and services across venues.®
This makes it more straightforward to estimate demographic preferences than when using
other venue types or other choice settings, such as home purchases or school enrollments.

This estimation strategy assumes that any variation in product attributes is uncorrelated
with co-patron demographics. This assumption likely holds in our setting because product
attributes are highly uniform within each chain: large chains rely on standardized offerings—
menus, decor, and even layout—to preserve brand consistency and achieve economies of scale.
In the context of the example in Figure 1, the two Starbucks venues differ in co-patron
composition, but their coffee tastes the same. This assumption could fail if, for instance,

venues in richer neighborhoods offer distinct menus or amenities catering to the tastes of

2 Although the residence and Starbucks locations reflect a real potential choice, this image does not
correspond to an actual device or decision in the data.

3We also report demographic exposure and preference estimates within a range of other categories of
commercial chains. We find attenuated demographic preferences where we most expect them. For example,
lower-income individuals do not exhibit preferences for high-income co-patrons within branches of the same
bank. Unlike restaurant chains, most large banks operate branches specifically aimed at serving low- and
middle-income customers.



Figure 1. An example of venue choice and co-patron demographics

Notes : This map depicts a hypothetical residence in suburban Philadelphia and two nearby Starbucks
locations. This image does not correspond to an actual device or decision in the data.

nearby residents. Reassuringly, estimates using only the most standardized chains in our
sample deliver the same conclusions as using all chains.

Factors aside from venue characteristics might also determine venue choice, even for direct
trips. We can directly control for observed neighborhood characteristics, i.e., for preferences
for the surrounding area rather than the venue itself. We cannot fully rule out concerns
such as limited consideration sets (e.g., unfamiliarity with distant venues) or social networks
(e.g., visiting venues near friends), but overall we nd suggestive evidence that their role is
limited. We nd that preferences do not change when people move between cities (a shock
to venue information and proximity to social networks). These preferences also manifest in
utilitarian settings like pharmacies, where social coordination is minimal, and big-box stores,
where consideration sets are likely complete.

Our estimates reveal four notable regularities across demographic groups in their pref-
erences over co-patron composition. High- and low-income individuals exhibit similar levels

4We de ne the most standardized chains as those that (i) are fully corporate owned rather than franchised
and (ii) have minimal variation in Google review ratings across locations. Starbucks is not highly standardized
by either metric.



of preference for their own race (racial homophily). We observe similar levels of racial ho-
mophily among Black, Hispanic, and White individuals and somewhat stronger levels among
Asian individuals. Members of di erent racial groups have broadly similar preferences for
high-income exposure, though White individuals show somewhat weaker preferences. Only
high-income individuals, however, exhibit monotonically increasing preferences over the share
of co-patrons who are high-income. Low-income individuals prefer venues with an integrated
mix of low- and high-income co-patrons.

These preferences for demographic exposure are economically meaningful. Individuals
are willing to travel two to three additional kilometers to visit a venue in the 98 percentile
of either the same-race or high-income distribution rather than a venue at thé'Spercentile®
This translates into a willingness to pay of a few thousand dollars per year, close in magnitude
to the willingness to pay for schools with high test scores (e.g., Black, 1999; Bayer, Ferreira,
and McMillan, 2007). These preferences are concave in both the high-income and same-race
co-patron shares: people are most willing to travel to avoid being an overwhelming racial
minority or in a venue heavily patronized by low-income people.

How important are demographic preferences in explaining di erences in exposure to high-
income co-patrons across groups? Our model allows us to isolate three sources of exposure
di erences: the types of chains people visit, where they live relative to venues, and preferences
over co-patron demographics. We nd that preferences over chains explain little: income
segregation within a given chain resembles overall income segregation. For example, both
high- and low-income people visit McDonald's, but they tend to choose di erent McDonald's
locations® Residential segregation, by contrast, plays a major role. People live at di erent
distances from venues with di erent co-patron compositions, and distance strongly shapes
venue choice. Even so, demographic preferences can also account for substantial exposure
gaps. Our estimated model implies that, in the absence of any travel costs (and thus any
role for residential segregation), demographic preferences alone would generate about half
the observed Black{White and low{high income exposure gaps. These exposure gaps can
arise even when two groups have similar demographic preferences, like high-income Black
and White individuals. Black individuals experience lower high-income exposure because
mayjority-Black venues tend to have lower-income co-patrons, so Black individuals often face
a trade-o between visiting high-income venues and visiting same-race venues.

Finally, we investigate whether demographic preferences directly impact residential seg-
regation by studying individuals who move between metropolitan areas. By estimating

5The exception to this 95" {5 comparison is the preference of low-income individuals for high-income
exposure, because they prefer economically integrated venues.

6This aligns with Cook (2025), who notes the widespread popularity of large chains, with McDonald's
being the most preferred restaurant across all income groups.



preferences before and after relocation, we can test whether pre-move preferences predict
neighborhood choice (sorting) and whether post-move neighborhood demographics shift pref-
erences (contact). We nd evidence of both. Individuals with stronger racial homophily are
more likely to move to racially homogeneous neighborhoods, even controlling for origin de-
mographics. Consistent with intergroup contact theory, preferences evolve to match local
demographics: racial homophily weakens in integrated neighborhoods and strengthens in
homogeneous ones.This mover analysis also validates our model speci cation: estimated
preferences do not shift discontinuously when an individual's choice set changes.

Our paper contributes to a debate over the existence and importance of demographic
preferences. These preferences are believed to play an important role in explaining residen-
tial segregation (e.g., Schelling 1971; Card, Mas, and Rothstein 2008; Logan and Parman
2025), but a key challenge is to distinguish preferences over neighbors' income and racial de-
mographics from tastes for other neighborhood amenities (Bayer et al., 2025; Davis, Gregory,
and Hartley, 2023; Schenholzer, 2023; Li, 2023; Caetano and Maheshri, 2028y studying
venue choice instead of neighborhood choice, we o er the rst estimate of demographic pref-
erences in shared spaces. The business chains we study also have considerably more uniform
attributes than residential neighborhoods, and we observe many more choiées.

We also contribute to a literature documenting segregation in non-residential domains.
Economists have documented the racial segregation of friendship networks (Echenique and
Fryer, 2007), gender segregation of retail venues (Caetano and Maheshri, 2019), and income
segregation of universities (Chetty et al., 2020). Closer to this paper is recent work docu-
menting segregation in the places people visit by race (Davis et al., 2019; Athey et al., 2021;
Baldenius et al., 2023), socioeconomic status (Moro et al., 2021; Xu et al., 2019; Magon-
tier, Schiapfer, and v. Ehrlich, 2022; Cook, 2025; Massenko and Wilmers, 2025; Nilforoshan
et al., 2023; Yabe et al., 2023), or student status (Cook, Currier, and Glaeser, 2024). We doc-
ument experienced segregation within commercial spaces by income and race jointly, using
building-level demographic information'®

"The intergroup contact hypothesis of Allport (1954) (that contact reduces intergroup prejudice) has been
examined in several empirical settings (e.g., Lowe 2021, Cantoni and Pons 2022, and Bursztyn et al. 2024).

8In addition to demographic preferences and di erences in tastes for neighbornood amenities, persistent
racial segregation of residences has also been attributed to wealth di erences, prejudice, and housing-market
discrimination (Charles, 2003; Rothstein, 2017).

°In related work, Davis et al. (2019) show that Yelp users in New York City are more likely to visit
restaurants in neighborhoods with racial composition similar to their own. Backstrom and Woodward (2021)
show that anglers are less likely to sh from a site with larger Black and Hispanic populations than their
neighborhood.

101 this vein, Wang et al. (2018) show that residents of Black and Hispanic neighborhoods visit high-
income neighborhoods less, despite traveling as far as others. In the housing market, racial di erences in
income mean that racial minorities face a trade-o between sorting into high same-race and high-income
neighborhoods (Sethi and Somanathan, 2004; Bayer, Fang, and McMillan, 2014; Bruch, 2014; Reardon, Fox,



Finally, our paper quanti es the drivers of income segregation in shared spaces, comple-
menting growing evidence on the economic bene ts of social connections to higher-income
people. Chetty et al. (2022,b) nd that one's number of high-socioeconomic-status Face-
book friends is among the strongest predictors of economic mobility. Einie (2023) nds that
conscripts from low-income families bene t from interacting with peers from high-income
families through persistent social networks. Social connections also help workers nd jobs
through referrals (Bayer, Ross, and Topa, 2008; Barwick et al., 2023). Our smartphone
movement data measure social exposure, not social connections. Atkin, Chen, and Popov
(2022) use similar smartphone data to show that serendipitous encounters in the kind of
venues we study cause their Silicon Valley employers to cite each other's patents. Choi,
Guzman, and Small (2024) show that Starbucks' entry into a neighborhood increases local
entrepreneurship. Beyond commercial gains, overlapping visits to shared spaces by people of
di erent backgrounds may be a basis for building understanding and tolerance (Anderson,
2011).

2 Data

To measure income segregation and estimate demographic preferences, we need to know the
demographic characteristics and consumption trips of a large sample of individuals. This
section describes the construction of our estimation sample from smartphone movement data
and building-level demographic data. Appendix A o ers more details on each data source.

2.1 Data sources

Our smartphone movement data are from Precisely PlacelQ, a location data and analytics
rm. Precisely PlacelQ aggregates pings from applications that request locational services
from the smartphone's operating system* Pings originating from di erent applications

on the same smartphone are linked to a unique advertising identi er, which we denote a
\device." These pings are intersected with a two-dimensional map of polygons corresponding
to buildings, which we denote \venues." A spatial and temporal cluster of pings by a given

device in or close to a venue constitutes a \visit" to that venue. Precisely PlacelQ uses the
timing of the rst and last ping in the visit ping cluster to compute a lower bound for visit

and Townsend, 2015). We show that minorities face the same trade-o when choosing venues. Like some
studies of residential decisions (Bayer, Fang, and McMillan, 2014; Aliprantis, Carroll, and Young, 2022), we
nd that racial homophily plays an important role in this setting.

1\We do not know the set of applications contributing data. Some applications collect location data only
when in active use, while others collect location data while running in the background.



duration.

The demographic characteristics of each device come from building-level data that in-
clude the income bracket and race of individuals living at an address. Precisely PlacelQ does
not disclose the third-party provider of these data, so we discuss the reliability of this demo-
graphic information later in Section 2.3. These demographic data are aggregated across all
units within a building. Thus, for single-family houses we observe the demographics of the
household, while for multi-unit buildings we observe the share of households in the building
whose incomes fall into di erent income brackets and the share of residents in each racial or
ethnic group. We assign demographics to devices based on their inferred residence, which
is the residential building where the device regularly spends time at night (Couture et al.,
2021).

2.2 Estimation sample

This subsection describes the selection of devices, venues, and visits in our analysis. To
estimate preferences, we create a restricted sample of devices and visits for which we con-
dently know demographic information and trip directness. To measure the demographic
composition of each venue, we use a sample of devices and visits that is as broad as possible.
Our sample covers the 100 largest metropolitan areas from June 1, 2018 to December 31,
2019.

Device selection criteria Around 66 million devices have exactly one inferred residence
over our 19-month sample period.Around 46 million of these devices live in buildings for
which we have demographic data. We classify building-level demographics in terms of two
income groups and four racial groups: the share of a building's residents with household
income above$75,000 (the bracket cuto closest to the national median in 2019) and the
shares of a building's residents who are Asian, Black, Hispanic, and White. We use visits
by all devices for which we have building-level data to measure the demographic mix of co-
patrons in each venue, assigning device demographics probabilistically. To estimate group-
speci ¢ preferences, we limit our estimation sample to the 36 million devices that reside
in buildings in which at least two-thirds of the residents belong to the same income and
racial group. 91% of buildings are racially homogeneous and 99% of buildings are income
homogeneous, consistent with most Americans living in single-family homes and signi cant
sorting by residents of multifamily dwellings.

Venue selection criteria Our baseline estimation sample uses trips to restaurants, which
have by far the largest numbers of chains, venues, and visits. We also characterize co-patron

7



exposure and estimate demographic preferences in banks, big box retail stores, convenience
stores & gas stations, grocery stores, gyms, and pharmacies.

Table A.4 compares the number of venues we observe in the 10 largest restaurant chains
to counts from external sources. We observe on average 87% of venues within these chains,
with a low of 70% for Starbucks. Since the smallest spatial unit of observation in our data
is a building, we exclude buildings that contain multiple venues, such as shopping malls. To
avoid measurement concerns related to venue entry and exit, we only keep venues with at
least one visit before the beginning of our estimation window (June 1, 2018) and one visit
after the end of our estimation window (December 31, 2019). This excludes around 10% of
chain venues from the estimation sample.

Visit selection criteria Our estimation sample is restricted to trips to a venue that
originate and end at home. Considering only these direct trips ensures that their sole purpose
is visiting a venue. This selection eliminates confounding factors due to trip chaining and
allows us to identify preferences using the venue-choice model that we introduce in Section 4.
It means the estimation sample only includes devices that ping frequently enough to track
direct trips.*? We also exclude visits with duration longer than three hours, as these are likely
by venue employees$® Overall, the sample of restaurant visits we use to estimate preferences
includes more than 14 million direct trips to more than 27,000 restaurant chain venues by
almost 4 million devices who live in homogeneous buildings. To measure the demographic
composition of these venues, we use the sample of all 1.5 billion trips to these restaurants.
While we rely on a narrower sample of visits to estimate preferences, we later show that visit
patterns in our preference estimation sample mirror those from much broader samples.

2.3 Data quality and representativeness

In this subsection, we rst assess whether our device selection criteria bias our estimation
sample. We then evaluate the reliability of the building-level demographic information.
Couture et al. (2021) show that devices active in the smartphone data are broadly spa-
tially representative and make visits that resemble what travelers self-report in the National
Household Travel Survey. Figure 2 shows that the additional selection criteria we impose

12\We de ne a direct trip as a visit to a venue where the preceding and succeeding visits were to a device's
home and within the same \activity day" (a 24-hour period starting at 3:00 AM). Since not every stop at a
venue is observed, some trips may be miscategorized as direct. Davis et al. (2019) and Miyauchi, Nakajima,
and Redding (2025) study consumption trips that can originate at workplaces.

Bvisit duration is measured with error, but can be reasonably interpreted as a lower bound for actual
duration. A visit is registered when a smartphone application collects a ping in a venue, not when the
smartphone rst enters the venue, so a device may spend more time at a venue than we observe.



Figure 2: Comparing estimation sample to full smartphone data

Panel A: County population

All Devices Building-Level Demographics Homogeneous Buildings

Panel B: Population by within-county deciles

Notes : Panel A compares the number of devices residing in a county (vertical axis) to the Census's estimated
2019 residential populations using three di erent device selection criteria: (1) all devices residing in exactly
one residential building between June 1, 2018 and December 31, 2019; (2) among those devices in (1), the
devices whose building-of-residence has demographic data available; (3) devices whose building-of-residence
is comprised of at least 67% one income group and racial group. We exclude counties with a Census
population of less than 10,000 people. Panel B depicts the share of devices living in block groups within each
within-county population decile for four characteristics: population density, population share of high-income

(> $75000) residents, population share of White residents, and population share of residents who have
obtained a bachelor's degree. Panel B reports these decile shares for the three populations of devices shown
in Panel A.



on our estimation sample involve only limited spatial biases. Panel A plots the number of
devices residing in a county for three device samples against the 2019 Census county popu-
lation estimates. The \All Devices" sample includes all devices that have exactly one home
assignment. The \Building" sample includes only devices with building-level demographic
data. The \Homogeneous Building" sample includes only devices living in buildings in which
one income-race group constitutes more than 67% of residents. Regressing the device count
of a county on its Census population count yields aR? of at least 0.87 for each of the three
device samples. Our estimation sample is nearly as representative of county population as
all smartphone data.

Panel B of Figure 2 evaluates the spatial representativeness of our sample within counties.
For instance, we show that within a county, we have about the same number of devices in
block groups with the highest White share as in block groups with the lowest White share.
Speci cally, we compute the share of devices living in each decile of population density,
high-income share, White share, and college-educated share, de ned within each county
using block group data from the 2015{2019 American Community Survey. If device samples
were exactly proportionate to populations in the American Community Survey within each
county, each bar would be of equal height (0.10). We show these results for the three di erent
device samples above.

The bar heights are very similar in the \All" and \Building" device samples. This
alleviates concerns over spatial bias in the building-level data that we use to compute the
demographic composition of venues. When we restrict attention to homogeneous buildings,
as we do in the estimation sample of devices, we see a more substantial bias away from the
densest block groups, with only about 6% of devices living within the top density decile, and a
slight bias towards more heavily White and high-income block groups. Thus, our estimation
sample of devices living in homogeneous buildings is broadly spatially representative, with
the exception of devices living in the top density decile (i.e., in multi-unit buildings) being
somewhat underrepresented.

Figure 2 demonstrates that our smartphone device samples are spatially representative of
residences in terms of blockgroup-level Census characteristics. Within these blockgroups, the
devices we observe are more White and high-income according to our building-level data, as
shown in Appendix A.4. That said, the cross-county correlation between the share of a given
demographic group in the Census and the share of devices in that group in our building-level
data remains above 0.8 for all demographic groups (Figure A.1). Such deviations from per-
fect representativeness are expected in smartphone samples, but they warrant some caution
when measuring the demographic composition of co-patrons within restaurant venues. We
therefore follow Cook, Currier, and Glaeser (2024) by reporting di erences in demographic

10



exposure across groups instead of absolute levels that may overstate exposure to high-income
devices.

Finally, Appendix A.5 validates our building-level demographic information in three ways.

In each exercise, we show that the building-level data predict individual characteristics or
behavior within the smallest geography for which Census data are available. First, we com-
pare the incomes in our building-level data to those in Cook (2025), which imputes income
using home parcel characteristics from CoreLogic. These two sources agree on whether a
Census block has above-median income for 75% of blocks. The discrepancies are modest:
treating Census blocks within$10,000 of the median as matching raises the agreement to
91%. These two sources are signi cantly correlated at the block level within block groups,
showing that our building-level data reveal income variation below the smallest geographic
level for which the Census publishes income statistics.

Second, we use voter registration data from North Carolina to show that the building-
level demographic information predicts the race of voters at a given address better than one
could by using Census data. Our building-level data match the race of Black voters 20%
more often than one could by randomly drawing households in the same Census block group
{ the smallest geography for which both race and income are available { and 5% more often
than one could by using Census block data on race.

Third, we run an internal check: we show that the building-level demographic information
predicts di erences in the venue choices of residents of di erent buildings in the same Census
block group. For example, residents of high-income buildings are more likely than their
low-income neighbors to visit chains preferred by people who are high-income according
to Census demographics, such as StarbucKs.This nal exercise delivers two conclusions
that we leverage in our empirical analysis. First, behavior predicted using the building-level
demographic data is consistent with behavior predicted using Census demographic data.
Second, the building-level data provide more information than the Census, because they
allow us to predict variation in behavior within the smallest geographic unit for which both
income and race are available in the Census.

14To make such comparisons, we rst calculate each restaurant chain's relative popularity among high-
income versus low-income patrons within the same tract, using block-group-level income assignments. We
then compute each chain's relative popularity at the building level, contrasting high- and low-income build-
ings in the same block group. These block-group-level and building-level measures of a chain's relative
popularity with high-income patrons have a rank correlation of 0.8 (Figure A.2). We nd similarly high
correlations for racial instead of income groups and for convenience stores & gas stations (the second largest
venue category).

11



3 Demographic exposure in shared spaces

This section uses smartphone data to document how exposure to di erent types of co-patrons
varies by demographic group. For each demographic group, we show the full distribution of
visits to chain restaurant venues by racial and income co-patron mix. These visit patterns
translate into substantial disparities in high-income exposure across groups. Finally, we show
that other categories of venues and visits have similar levels of income segregation.

Figure 3 visualizes chain restaurants by their racial and income composition and shows
each demographic group's propensity to visit venues with that co-patron mix. We compute
visit propensity as a function of the race and income of co-patrons using kernel regressions on
all chain restaurant trips in the smartphone data. Two regularities appear: visit propensity
increases with same-race co-patron share, and high-income individuals visit high-income
venues much more often than their low-income counterparts of the same race.

However, the availability of venues with di erent race and income mixes varies by de-
mographic group. Predominantly White venues are abundant and span the full income
spectrum, with many high-income, heavily White venues. In contrast, predominantly Black
and Hispanic venues are not only scarcer but also tend to be lower income: few venues are
both high-income and Black or Hispanic. Predominantly Asian venues are rare at any income
level. These disparities in venue availability imply that preferences for same-race co-patrons
could lead to unequal income exposure: White individuals can nd same-race venues at all
income levels, while Black and Hispanic individuals must choose between racial similarity
and high-income exposure.

12



Figure 3: Exposure to high-income and same-race co-patrons

_ Visits of White visitors
High-Income Low-Income

_ Visits of Black visitors
High-Income Low-Income

Notes : This gure presents the results of a kernel regression of visit shares on co-patron race and income characteristics. Each
panel displays the visit propensities for a speci ¢ demographic group, with each dot representing an individual restaurant. The
color gradient is consistent across groups and follows a log-linear scale. This gradient is chosen to match the group with the
greatest range in visit propensities between the most and least visited venues. We use an Epanechnikov kernel with a bandwidth
of 0.05 and winsorize visit propensities at the 99 ™ percentile for each group. Continues on next page.
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Figure 3: Exposure to high-income and same-race co-patrons (continued)

_ Visits of Hispanic visitors
High-Income Low-Income

, Visits of Asian visitors
High-Income Low-Income
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Table 1: Exposure to high-income co-patrons

Low Income High Income

Asian Black Hispanic White Asian Black Hispanic White
o @ 3 4 G (© 7 (C)

Estimation sample -0.06 -0.17 -0.15 -0.03 0.14 -0.00 0.05 0.13
All chain-restaurant visits -0.04 -0.13 -0.13 -0.02 0.12 -0.00 0.04 0.12
All chain-venue visits -0.05 -0.16 -0.14 -0.03 0.12 -0.01 0.04 0.11
All non-residence venue visits -0.03 -0.15 -0.14 -0.03 0.18 0.04 0.09 0.17
All McDonald's restaurant visits -0.08 -0.16 -0.16 -0.03 0.09 -0.02 0.02 0.11
Census tracts 0.04 -0.12 -0.08 -0.01 0.20 0.03 0.06 0.11

Notes : This table reports, for di erent visit samples, the high-income share of co-patrons to which each
demographic group (eight columns) is exposed, relative to a baseline in which all venues in that sample are
visited with uniform probability. For instance, an exposure of 0:06 for low-income Asian individuals means
that the share of high-income individuals in the venues they visit is 6 percentage points lower than if they
visited venues nationally with equal probability. The rst row shows those high-income shares for visits in
the estimation sample. The second through fourth rows show those shares for broader visit samples. The
fth row shows those shares only for visits to McDonald's restaurants. In the sixth row, those shares are
computed as if each Census tract is a venue and individuals only visit the Census tract that they live in.

To facilitate comparisons across demographic groups, types of visits, and venue types,
Table 1 reports mean exposure to high-income co-patrons. Absolute exposure levels are
sensitive to income de nitions and sample biases, so we report exposure relative to a uniform
benchmark (i.e., relative to the exposure each group would have if they visited venues with
equal probability).'> The rst row reports high-income exposure computed using visits from
our estimation sample. Since we selected this sample to suit our empirical strategy rather
than for representativeness, in subsequent rows we expand our sample to larger sets of visits
and venues. The last row reports a measure of residential income exposure, computed from
Census tables, as if people's exposure equaled the income composition of their Census tract
of residence.This last row o ers a useful benchmark to evaluate how income segregation in
shared spaces compares with residential segregation.

Table 1 yields two main results. First, there are substantial di erences in exposure to
high-income co-patrons across incomes and races. Within each race, high-income individuals

15The patterns in Table 1 are robust to di erent ways of weighting each device that correct for biases in
the smartphone sample. There may also be di erences in exposure at the extensive margin, from variation
in the number of visits that each demographic group makes. Smartphone samples with a partial history of
each device's movements are not well-suited to study these di erences. For instance, the National Household
Transportation Survey shows that while high-income people take more trips to restaurants, high- and low-
income people overall take similar numbers of consumption and non-work trips.
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have more high-income exposure: di erences in mean exposure between high- and low-income
individuals are typically 15 to 20 percentage points. Within each income group, Asian and
White individuals have more high-income exposure than Black and Hispanic individuals. In
fact, the average high-income exposure of a low-income White individual is only about 2
percentage points lower than that of a high-income Black individual.

Second, we observe similar cross-group disparities in income exposure in a variety of set-
tings. In particular, income segregation experienced within chain restaurants, based solely
on visits in our estimation sample, resembles that experienced within all non-residential
venues, both commercial and public. These broad income segregation patterns even mani-
fest within a single chain like McDonald's. There is an approximately 25 percentage point
di erence between the high-income share in McDonald's locations visited by low-income
Black or Hispanic individuals and those visited by high-income Asian or White individu-
als. These disparities in income exposure within shared spaces also mirror disparities in
residential income exposure, computed using Census tract demographic shaftes.

A number of factors may explain this variation in exposure to high-income co-patrons
across demographic groups. First, di erent groups may have di erent tastes for product
attributes like cuisine and ambiance. Second, groups are distributed di erently across cities
and neighborhoods and thus might have to incur higher travel costs to patronize venues
with larger high-income shares. Finally, di erent groups may have di erent preferences for
exposure to high-income co-patrons. In what follows, we investigate the relative importance
of these explanations for demographic di erences in high-income exposure.

4 Model

This section introduces a model of individuals' decisions to patronize venues within business
chains as a function of travel costs and co-patron composition. The model delivers an
estimating equation for each demographic group's preferences over co-patron demographics
and travel distances. After discussing the variation in observable outcomes that identi es
these preferences, we describe how to use the estimated model to compute counterfactual
venue visit shares that quantify the contributions of various mechanisms to cross-group
variation in exposure to high-income co-patrons.

16 Appendix Table B.1 shows similar regularities across environments for racial segregation.
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4.1 Nested-logit preferences

We develop a nested-logit model of consumers' decisions to visit venues. We index decision
makers byi, venues byj, and chains byc. A decision maker is an individual at a point in
time. Denote the set of venues from which a decision maker chooseslhyThe utility that
decision maker would obtain from choosing venug is

Uj = Vj +

whereV; is a scalar that depends on preference parameters and observed covariates gand
is a random component. Decision maker chooses the venug¢ 2 J that has the highest
value of Uj .

We assume that has an extreme-value distribution such that consumers have nested-
logit preferences over business chains. We partition the set of venues iftalisjoint subsets
denoted by B, (chains). Following Train (2009, Ch 4.2), we denote the similarity of id-
iosyncratic preferences for venues in neBt, by 1 ¢, So that . =1 8cis the canonical
multinomial logit case. The probability that decision makeri chooses venug in chain c is

=) ¢ 1
exp(Vij=c)  jop, eXP(Vjo= c)
Pjji = P. P F (1)
os1 jo2p, BXP (Vo= )

4.2 Within-chain choice probabilities

If the utility shifter V; depends on preference parameters , the log likelihood function
associated with the choice probability (1) is

X X
LL(): Iij Iniji;

wherel; =1 if i chooseg.

Following Train (2009, p.82), the choice probability (1) can be rewritten as the product
of within-chain and between-chain components?;;; = Pjjc  Pgi. Thus, we can rewrite the
log likelihood function as

X X X X X X
LL()= | i In ijic +1In chi = Iij In ijic + Iij In chi:
i j i j i j
While a model of Pg; must incorporate the parameters appe%ring if?jjic via an \inclusive
value" term, we can maximize the rst likelihood component, i li InPjjic, alone. We
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estimate preference parameters of interest using only within-chain variation, leveraging the
conditional choice probability

exp (Y = ¢)
jo2s, €XP (Yjjo= ¢)’

Pijic = P

whereYj; denotes the component of; that varies across venues within chaie.!” We allow

Y; to depend on observable attributes with coe cients that are common across chains.
In order to identify parameters common across chains, we assume a common within-chain
correlation of idiosyncratic preference shocks such that = 8c.

4.3 Mean-utility speci cation

In the baseline speci cation, we assume that the mean utility of patronizing a venue within
a chain depends on the distance from home to the venue and its co-patron composition.
These preferences vary across demographic groups, indexedybyreferences over distance
and co-patron composition are additively separable. In particular, the component of utility
that varies across venues within a chainy;, depends on the distance from the decision
maker's home to the venue (distangg), the high-income share of co-patronss[®""), and
the same-race share of co-patrons™*"*):

Yj = fi(ndistance; ; 9) + f(sfamerace, g, 9y

wheref(Indistance; ; 9) is a polynomial of log distancef (sfamerace; """ 9) is a poly-
nomial of the two co-patron shares, and9 and 9 are group-speci c coe cient vectors on
travel distance and co-patron composition, respectively.

Choosing the degrees of the polynomiafs() and f,() involves a trade-o between para-
metric exibility and statistical power. Our baseline speci cation uses second-degree poly-
nomials:

Y = gln distance + g(ln distance; )2
2
+ %Smghmc + g th|gh|nc + gsjsamerace_'_ gsjsamerace + Eg)sjjsamerace thlghlnc:

7Chain-level attributes Y. that are common across venues within a chain, such as menu items and prices,
do not aect Pjjic:

exp ([Yj + Yic]= ¢) — exp (Yic:Pc) exp (Yj = ¢) -p exp (Yj = ¢) .
102BceXp([Yij°+ Yicl=¢) exp(Yic= ¢) j02B, exp (Yjj o= ¢) j92B. exp (Yij o= ¢)’

Pijic = P
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Second-degree polynomials are exible enough to t observed choice patterns well and parsi-
monious enough to be precisely estimated for the demographic groups with modest numbers
of observations.

For some robustness exercises in Section 5.2, we use speci cations in wiiggh is a
rst-degree polynomial, we vary the functional form off 1( ), and we add a vector of controls
Xj:

Yj = fi(indistance; ; %)+ 95" + ggameracer gy 3)

With one coe cient ¢ on the high-income share and one coe cient # on the same-race
share, these more parsimonious speci cations facilitate comparisons of preference coe cients
across many samples and speci cations.

We can express preferences over co-patron composition in terms of willingness to travel.
We de ne group g's willingness to travel for the co-patron compositiongsamerace, ghighincy gg
the incremental distance 9 that equates the mean utility of a venue with that co-patron
composition (ssamerace: ghighinc ) |gcated at the average distance, and the mean utility of a venue

with the average co-patron composition located at the average distance plus the increment
g.

fl |nm; 9 4+ fz Ssamerace; Shighinc; g

— fl In m+ g(ssamerace; ShighinC) : 9 4+ f2 gsamerace;ghighinc; g

;@
where (gSamerace: ghighinc) gnd distance denote the characteristics of the average venue. The

function  9(ssamerace. ghighincy i group g's willingness to travel for co-patron composition
(Ssamerace; Shighinc ) 18

4.4 Maximum likelihood estimation

P P
We estimate the preference coe cients by maximizing the likelihood component; ; Ij; In Pjji.
The optimization problem is
0 h . i 1
X X exp fi(indistance;; 9)+ fy(spamerace; g"e; 9y =
rgag( i In h j A -

i ip, €Xp fi(Indistance;o; 9) + f(sfgmeracs; sjhggh'm; 9) =

Since each parameter ig-speci ¢, the model can be estimated separately by demographic
group.

8The equation implicitly de nes this function. Given the functional form used in equation (2), there is a
closed-form expression for 9(ssamerace . ghighinc )
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We estimate consumer preferences using 19 months of data on devices in the 100 most
populous US metropolitan areas, as described in Section 2.2. We estimate the model sepa-
rately by demographic group, so our baseline estimates ¢f and 9 are speci c to demo-
graphic groupg. We assume that consumers consider all venues within their metropolitan
area, so the nesB. is the set of venues that belong to both the same business chain and
metropolitan area. We exclude metro-chain pairs with very few observations and randomly
sample a subset of observations from metro-chain pairs with very many observatidfis.

4.5 ldentifying variation

To distinguish demographic preferences from tastes for other venue characteristics, we com-
pare venues within the same chain conditional on distance. Across all venues, co-patron
composition is surely correlated with many unobserved venue characteristics that entgr,
such as service quality, product o erings, or price levels. We contrast venues within the
same chain to eliminate such variation. Venues in the same chain are similar because brand
power and economies of scale depend on standardized o erings. In particular, food products
and service quality at chain venues are typically not a re ection of the demographics of local
consumers. In robustness checks, we focus on a subset containing the most standardized
chains.

We condition on distance to the venue because residential segregation means that venues
closer to an individual's home tend to have co-patrons with more similar demographics.
To ensure that co-patron composition does not proxy for proximity, equation (2) includes
a function of bilateral distance as an individual-by-venue cost shifter. That is, we exploit
within-chain variation in co-patron composition conditional on physical proximity. Moreover,
our estimation sample of direct trips accounts for a small share of total visits, so the observed
co-patron composition of each venue is not mechanically driven by the choices we use to
estimate preferences.

This estimation strategy requires adequate within-chain variation in co-patron composi-
tion across venues at comparable distances. Appendix Table B.2 summarizes this variation.
On average, individuals in our estimation sample choose from over 35 venues of the same
chain within their metropolitan area, with substantial variation in the race and income of
co-patrons. People, however, usually visit venues near their homes: the average trip is 6.4 km
and 80 percent of trips are to venues within 10 km of home. Nonetheless, there is substan-

¥In particular, we keep group-metro-chain triplets that have at least 25 direct visits. When a group-
metro-chain triplet has more than 75 venues, we randomly sample only 75 venues. We randomly sample
20,000 devices from group-metro pairs that have more than 20,000 devices and only keep group-metro pairs
with at least 200 visits. From this set, we randomly sample 750,000 visits per demographic group to reduce
computational burden.
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tial variation across these proximate venues. On average, there are ve venues belonging to
the chosen chain within 10 km of home, and the demographic variation across these nearby
venues is at least half of the variation over the entire metropolitan area.

4.6 Decomposition of exposure to high-income co-patrons

We decompose exposure to high-income co-patrons by contrasting the distribution of visits
across venues in our tted model with the distributions resulting from various counterfactual
market shares. We summarize exposure to high-income co-patrons for members of grpup
by computing the average high-income share of patronized venues:
highi :
Sj 'ghinc ijg. (5)
j

To compute our benchmark “model-predicted’ distribution of exposure to high-income

co-patrons, we use the model-predicted share of visits to each venuiey group g,

Pijg = Pijic Pcjg;

where Pjjic. comes from our estimated model of within-chain venue choice afj; comes
from the observed distribution of visits to each chain by members of a demographic group.
To quantify the contributions of various mechanisms to income exposure, we report the
values resulting from various counterfactual market shared ;.>° A simple starting point is
the observed distribution of high-income co-patrons across all venues. This is the average
that results from evaluating expression (5) using a uniform probability of visiting venues,
Piig = JJAJ To quantify the contribution of between-metro variation in demographics to
exposure to high-income co-patrons, we use a uniform probability conditional on metropoli-
tan aream, Pjjg = J.Jiijmjg. The di erence between the nationwide uniform probabilitypij
and this measure captures the contribution of demographic di erences between metropolitan
statistical areas (MSAS) to income exposure. To quantify the contribution of between-chain
variation in demographics, we use a uniform probability conditional on metropolitan area and
business chainpPjjg = =—Pncjg. To quantify the contribution of residential proximity, we
compute market shares with counterfactual probabilitie®; ;i using the estimated distance
parameters”® absent any co-patron preferences ¢ = 0). To quantify the contribution of

preferences over co-patron composition, we compute market shares with counterfactual prob-

20This is similar to the approach that Li (2023) uses to quantify the role of preferences versus constraints
in generating residential racial segregation in the U.S. and that Mayer and Puller (2008) use to quantify the
role of the exogenous school environment versus preferences in the formation of social links.
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abilities P;jic using the estimated co-patron preference parametef\§ absent any disutility
of travel distance (9 = 0).

5 Estimation results

In this section, we estimate preferences over travel distance and co-patron composition.
We document notable regularities in demographic preferences: di erent income and racial
groups display similar levels of racial homophily. Preferences for high-income co-patrons
are also similar across racial groups, but lower-income individuals have less pronounced
tastes for high-income co-patrons. These preference patterns are consistent across several
robustness checks, including restricting our estimation sample to the most standardized
restaurant chains.

5.1 Estimated preference parameters

Table 2 reports estimates of the preference parameters in equation (2) for each of the eight
demographic groups. Panel A reports estimates of the distance coe cient§, and Panel B
reports estimates of the co-patron composition coe cients 9.

Our estimates of distance coe cients 9 imply distance elasticities around 2:2. These
distance elasticities capture both the cost of longer travel distances and the substitutability of
venues within a restaurant chain. Higher-income individuals have larger distance elasticities,
consistent with empirical evidence that the value of time spent traveling rises with income
(Small and Verhoef, 2007). Our distance elasticities are larger than previous estimates from
studies that consider venue choice among all restaurants, consistent with venues within the
same chain being closer substitutes.

Table 2 Panel B reports, for each of the eight demographic groups, estimates of all ve
coe cients in 9, which together govern preferences for the high-income share of co-patrons
and the same-race share of co-patrons. Figures 4 and 5 present two di erent representations
of these preferences. Figure 4 depicts preferences over both the income and race of co-
patrons, with the preferences of each demographic group in a separate heatmap. Each point
represents a chain restaurant venue in the 100 largest metropolitan areas. The color of
the venue captures the willingness to travel to that venue in co-patron composition space,

g(gsamerace. ghighinc) from equation (4). To facilitate comparisons across groups, Figure 5
depicts the preferences of all eight demographic groups over one dimension of co-patron

21 Athey et al. (2018), Davis et al. (2019), and Couture et al. (2023) estimate elasticities between -1.0 and
-1.5 when considering substitution between all restaurants or non-tradable services in a given city.
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Table 2: Preference estimates

Panel A. Estimates of distance coe cients

g

Estimates Distance Elasticity at

Linear § Quadratic § Mean 25p  75p
Low-Income Asian -1.29 -0.23 -2.15 -159 -2.24
Low-Income Black -1.25 -0.23 -211 -154 -2.20
Low-Income Hispanic -1.26 -0.27 -2.24 -159 -2.35
Low-Income  White -1.11 -0.32 -2.29 -151 -2.42
High-Income Asian -1.25 -0.26 -2.21 -158 -2.32
High-Income Black -1.11 -0.30 -2.24 -150 -2.36
High-Income Hispanic -1.22 -0.30 -2.34 -1.60 -2.46
High-Income White -1.00 -0.36 -2.33 -146 -2.48

Panel B. Estimates of co-patron composition coe cients

g

? Linear 3 Quadratic  § Linear 2 Quadratic ¢ Interaction

High-Income High-Income Same-Race Same-Race Term

Low-Income Asian 4.13 -3.20 12.19 -9.93 -4.02
(0.08) (0.07) (0.12) (0.16) (0.14)

Low-Income Black 5.06 -4.20 4.94 -3.86 -2.18
(0.07) (0.05) (0.05) (0.04) (0.06)

Low-Income  Hispanic 6.08 -4.21 7.08 -4.99 -4.23
(0.07) (0.05) (0.08) (0.06) (0.07)

Low-Income  White 2.94 -4.13 2.17 -1.70 2.35
(0.07) (0.06) (0.09) (0.08) (0.09)

High-Income Asian 5.55 -3.21 12.78 -12.31 -2.21
(0.07) (0.05) (0.08) (0.10) (0.09)

High-Income Black 5.35 -3.18 4.15 -3.61 -0.29
(0.07) (0.05) (0.05) (0.04) (0.05)

High-Income Hispanic 7.72 -4.18 7.14 -5.10 -4.49
(0.09) (0.06) (0.09) (0.08) (0.08)

High-Income White 4.21 -3.65 4.47 -3.70 2.59
(0.09) (0.07) (0.112) (0.09) (0.10)

Notes : This table reports estimates of the preference parameters in equation (2). Panel A reports estimates
of the distance coe cients 9, and Panel B reports estimates of the co-patron composition coe cients ©.
Panel A reports the distance elasticity at the mean and 24' and 73" percentiles of trip distance, which are
6.4, 1.9, and 7.8 kilometers, respectively.
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composition on the same plot, xing the other dimension at its median value for each group.
This is akin to looking at variation along one horizontal or vertical slice of Figure 4.

We nd that preferences for co-patron income are remarkably similar across racial groups,
but high-income individuals have a stronger taste for high-income co-patrons. Figure 4 shows
that high-income individuals have monotone preferences over high-income co-patron share,
increasing from left to right in each plot, whereas their low-income counterparts have non-
monotone preferences for co-patron income. Figure 5 Panel A quanti es the strength of
income preferences for each group by depicting variation in willingness to travel for venues
with the median same-race share. Across all racial groups, high-income individuals are willing
to travel 2:3 to 3:1 additional kilometers to visit a venue at the 98 percentile of high-income
co-patron share, relative to a venue at the' percentile. Low-income individuals have less
pronounced, non-monotone income preferences, with the most preferred high-income share of
co-patrons lying between 50 and 70 percent for all racial groups. Low-income Asian, Black,
and Hispanic individuals are willing to travel 14 additional kilometers to visit a venue with
their most preferred income mix, while low-income White individuals have an even lower
willingness to travel of around @7 kilometers.

Turning to preferences for same-race co-patrons, we nd that all demographic groups
exhibit substantial racial homophily. In all eight panels of Figure 4, the most preferred
venues have high same-race shares. Figure 5 Panel B shows that the strength of this racial
homophily does not vary by income. Comparing levels of racial homophily across racial
groups is di cult because the observed same-race shares di er greatly. White individuals
are the racial majority in most venues, while non-White individuals have few venues in their
choice sets with large same-race shares. That said, Black, Hispanic, and White individuals
have similar same-race preferences in the sense that all are willing to travel about Rm
farther to visit a venue in the 98" percentile of same-race share rather than one in thé&'5
percentile. The racial homophily of Asian individuals appears to be stronger, albeit on very
limited support. Finally, we note that racial and income preferences are roughly similar in
magnitude. This similarity is important for how people trade o income exposure for racial
exposure, as we show in Section 6.

Our paper emphasizes broad patterns of demographic preferences, but our estimates also
0 er some ner insights into what individuals prefer. Here, we brie y discuss two additional
features of these preferences. First, Figure 5 shows that preferences are concave in co-patron
shares. People are most willing to travel to avoid being an overwhelming racial minority
or in a venue heavily patronized by low-income people. Second, we estimate signi cant
interactions between racial and economic composition. Table 2 reports positive interaction
terms for White individuals, indicating that they value high-income co-patrons more when
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Figure 4. Preferences over co-patron demographics

) Preferences of White visitors
High-Income Low-Income

, Preferences of Black visitors
High-Income Low-Income

Notes : Each plot visualizes the preference estimates over co-patron compaosition reported by equation (2)
for each demographic group. Preferences are expressed in willingness to travel in kilometers relative to the
average venue, 9(ssamerace-ghighincy a5 de ned in equation (4). Each dot corresponds to an individual

venue. Continues on next page
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Figure 4: Preferences over co-patron demographics (continued)

. Preferences of Hispanic visitors
High-Income Low-Income

, Preferences of Asian visitors
High-Income Low-Income
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surrounded by White co-patrons. For other racial groups, the reverse holds: the high-income
share matters less as the same-race share increases. This suggests that all four racial groups
have sharper income preferences when co-patrons are WHite.

Figure 5: Preferences for high-income and same-race co-patrons

A. Willingness to travel B. Willingness to travel
for high-income share for same-race share
(at median same-race share) (at median high-income share)

Notes : This gure depicts the preference estimates reported in Table 2 Panel B along each dimension
of co-patron composition while xing the other. Panel A displays preferences over the high-income share
of co-patrons. It shows willingness to travel relative to a venue at the % percentile of the high-income
share distribution across all venues, holding same-race share xed at its median value. Panel B displays
preferences over the same-race share. It shows willingness to travel relative to a venue at th® Jercentile
of the same-race share distribution across all venues, holding high-income share xed at its median value.

Translated to dollars, these estimates imply substantial willingness to pay for preferred
demographic exposure. At typical travel speeds and values of time, an additional kilometer
translates to about one dollar, so high-income individuals traveling 2.5{3.0 km farther to
visit a venue in the 99" percentile of high-income co-patron share rather than one in the
5" percentile implies a$2.50{$3.00 di erence in willingness to pay per trip?®> The 2 km

22Seven out of eight interaction terms are between 2 and 45 in absolute value. For example, high-income
Hispanic individuals visiting a venue in the top quartile of Hispanic co-patron share are willing to travel
an extra 1:73 kilometers to visit a higher-income venue (comparing venues at the 95 vs 5" percentiles
of high-income share). This e ect is even stronger at venues in the bottom quartile of Hispanic co-patron
share, where high-income Hispanic individuals are willing to travel an additional 385 kilometers.

23Assuming households make round trips from home at an average speed of about 40 km/hour (Couture,
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di erence in willingness to travel between the 8 and 95" percentile of same-race share for
Black, Hispanic, and White individuals translates to a$2 di erence per trip. The average
US driver makes more than 500 consumption trips per year (Couture, Duranton, and Turner,
2018), so these estimates imply $1,000{1,500 annual willingness to pay to span the range of
available demographic exposure in either income or race. For context, Black (1999) estimates
that the marginal resident is willing to pay approximately 2.1 percent of the mean house
price to access schools with one standard deviation higher test scores, which amounts to
$3,948, amortized over the years during which one lives in that house. Like school quality,
demographic preferences may therefore be an important determinant of neighborhood choice.

5.2 Robustness checks

This section addresses two potential sources of estimation bias: within-chain heterogeneity
in venue characteristics and misspeci cation of the travel-cost functioh, (In distance; ; 9).
Restaurant chains o er standardized settings and products, but there still may be within-
chain variation in venue characteristics that correlate with co-patron composition. To address
this, we estimate speci cations in which we (i) restrict the estimation sample to the chains
with the most standardized venues and (ii) control for more venue and neighborhood charac-
teristics. Travel costs might also di er from a quadratic polynomial in log distance in a way
that is correlated with co-patron composition. To address this, we estimate speci cations in
which we (i) restrict the estimation sample to cities in which trips are overwhelmingly made
by car and (ii) use more exible functions of distance. For these robustness checks, we use
the parsimonious linear speci cation of demographic preferences from equation (3). Broadly,
these robustness checks deliver preference estimates that are quite similar across the various
samples and speci cations.

5.2.1 Within-chain heterogeneity

We select the most standardized chains based on two characteristics. The rst is the coef-
cient of variation in the Google Places star rating across venues within the chaffi. Less
variation in reviewer ratings across venues suggests a more standardized service. The second
characteristic is ownership structure. Following Williamson (1991)'s argument that franchis-

ing facilitates local adaptation, we expect chains with franchisees to be less standardized

Duranton, and Turner, 2018) and that they value time at $19 per hour (Goldszmidt et al., 2020), willingness
to travel an additional kilometer is equivalent to about one dollar.

24The Google Places data on restaurant venue location and characteristics come from Akbar et al. (2023).
We were able to match 41 percent of Precisely PlacelQ venues in our estimation sample to a venue in the
Google Places data. Appendix A.6 provides more details on the Google Places data and variable construction.
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than owner-operated chaing® Out of 76 restaurant chains in our sample, we classify the 10
chains with fewer than 5 percent franchised venues as \entirely wholly owned" chains, the
7 chains with 5{20 percent franchised venues as \almost wholly owned", and the remaining
chains as \franchised.®®

These two measures of chain standardization are consistent with one another. The Google
Places star rating variation of a franchised chain is, on average, twice as large as that of a
wholly owned chain. Four of the ve chains with the least variation in star ratings are
wholly owned, and all ten entirely wholly owned chains are among the third of chains with
the least variation in star ratings. None of the largest and perhaps most familiar chains|like
McDonald's, Subway, Starbucks, and Burger King|are among the most standardized using
these metrics?’

Figure B.1 reports estimation results for all eight demographic groups within four di erent
samples of restaurant chains: the baseline sample with all chains, only entirely wholly owned
chains, only almost wholly owned chains, and the bottom quartiles of chains (weighted by
number of venues) with the lowest coe cient of variation in star rating. The preference
estimates are qualitatively similar across all these chain samples, albeit noisy for some groups
due to small visit counts. Overall, the preference patterns highlighted in Section 5.1 hold for
the most standardized restaurant chains, which are less subject to concerns about within-
chain variation across venues in product attributes and service quality.

Our second set of robustness checks addresses within-chain heterogeneity by controlling
for more venue and neighborhood characteristics. Figure B.2 depicts the results of introduc-
ing three venue characteristics in the vectaX; in equation (3): the Google Places star rating,
the Google Places number of reviews, and the venue square footage from Precisely Pla¢elQ.
Adding these covariates has little impact on estimated preferences for same-race co-patrons,
but it moderately raises our estimates of preference for high-income co-patrons for all groups.
Finally, we control for the demographic composition of the residents of or visitors to the

25Krueger (1991) makes the related argument that franchisees may shirk on quality by free-riding on brand
reputation. In a meta-analysis of 44 studies on franchising, Combs and Ketchen Jr (2003) nd support for
the hypothesis that agency theory explains franchising. For instance, more geographically dispersed chains
have higher franchising rates.

26We collect the franchise data from multiple sources: annual reports to investors for the 2020 scal
year, company websites, franchise disclosure documents, and a franchise database compiled by Entrepreneur
magazine.

2"McDonald's, Subway, Starbucks, and Burger King are all in the top third of chains for star rating
variation, and all are franchised (Starbucks is by far the least franchised of these chains, with about 45
percent of franchised venues as of September 2019 based on the company's 10-K ling). The ve chains
with the lowest coe cients of variation are Culver's, Longhorn Steakhouse, Olive Garden, MOD Pizza, and
Cracker Barrel. Of these, only Culver's is franchised.

28The square footage data are often mismeasured, for instance, because they can include parking lots.
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neighborhood in which the venue is locatetf. The coe cients on the co-patron composition

of the venue itself are similar in sign and magnitude when we add controls for the shares
of same-race and high-income residents in the venue's Census tract or the shares of same-
race and high-income co-patrons in all other commercial venues in a venue's Census tract
(Figure B.3).%°

5.2.2 Travel-cost speci cation

The estimates reported in Section 5.1 could be biased by some component of travel costs
that is not captured by a quadratic polynomial in log distance and correlated with co-patron
composition. For example, venues with more high-income co-patrons may be in locations
better accessed by walking than driving. Or individuals may have a particular taste for
very short trips, which would tend to be trips to demographically similar venues, given
residential sorting by income and race. We address these concerns by restricting attention
to car-dominated cities and using more exible functions of distance.

To address varying transport-mode choices, Figure B.4 reports preference estimates for
the eight demographic groups for subsets of the 100 largest MSAs based on car usage. The
preference estimates for all 100 MSAs are similar to those obtained when restricting the
estimation sample to MSAs in which at least 90% or 95% of trips to commercial venues are
by car3!

Figure B.5 reports preferences estimated using three alternative speci cations for the
distance functionf i(Indistance; ; 9). The rst uses only a linear function of log distance,
which is more restrictive than our baseline quadratic speci cation. The second uses a cubic
polynomial of log distance, which is more exible. The third introduces a dummy variable
indicating the venue closest to the individual's residence, which would capture a preference
for very short trips or a particular salience of the nearest venue. These three speci cations
yield coe cients on co-patron shares very similar to our baseline quadratic speci cation for

29The correlations between a venue's co-patron shares and the demographic shares of the block group in
which it is located are quite high: 0.58 (high income), 0.63 (Asian), 0.75 (Black), 0.81 (Hispanic), and
0.77 (White). If we were to use only neighborhood-level residential demographics, as Davis et al. (2019) do,
we would estimate similar but smaller coe cients than those on the venue-level co-patron demographics.
When we include both demographic covariates, the coe cients on the venue-level shares are substantially
larger than those on the block-group-level shares, suggesting that individuals care primarily about venue
composition, not neighborhood composition.

300ne exception is the income preferences of low-income individuals, which weaken after adding controls
for visitors to other venues in the same Census tract. These coe cient estimates are less stable because the
linear speci cation does not capture the non-monotone preferences of low-income individuals over co-patron
income composition.

31These MSA-level statistics come from the 2017 National Household Travel Survey (NHTS). Almost 90%
of trips to commercial venues in the United States are by car. Appendix A.7 provides more detail on the
NHTS data and variable construction.
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the distance function.

A nal piece of evidence suggesting that the travel-cost function is well-speci ed comes
from event studies of moves between demographically distinct neighborhoods reported in Sec-
tion 6 below. If preference estimates were biased by neighborhood demographics co-varying
with distances to venues, estimated preferences would shift when individuals move between
neighborhoods with di erent demographics. Figure 6 does not show any discontinuous shift
in preferences around such moves.

5.2.3 Other categories of commercial venues

Our baseline analysis reported results for the largest venue category, restaurants. Restau-
rants and co ee shops have been singled out as a plausible setting for demographic exposure
by other studies (Athey et al., 2021; Atkin, Chen, and Popov, 2022; Massenko and Wilmers,
2025), and restaurant chains generally strive to provide a consistent experience across venues
within the same city. It is possible, however, to estimate demographic preferences within
other kinds of commercial venues that have chain businesses. A priori, it is unclear whether
to expect weaker or stronger preference estimates in other settings. For instance, preferences
for co-patrons within retail chains may be weaker if demographic exposure is less salient
in that environment. Conversely, preference estimates may be biased upward if stores tai-
lor their product o ering to the characteristics of their clientele, for instance, by o ering
higher quality products in richer neighborhoods or more shelf space for Asian food in a
predominantly Asian neighborhood.

Figure B.6 reports estimated preferences for each demographic group for eight distinct
venue categories: banks, big-box stores, convenience stores & gas stations, grocery stores,
gyms, pharmacies, restaurants, and all business categories pooled togetheie nd some
variation in the magnitude of preferences across categories, but the results con rm that the
preference patterns documented in Section 5.1 are not unique to restaurants. For all business
categories, individuals exhibit racial homophily and prefer venues with more high-income co-
patrons, with this tendency being more muted for low-income people. A notable exception
is banks, where low-income individuals avoid branches with high-income co-patrons. This
exception is unsurprising: given the nature of banking services, di erent branches of the
same bank tailor their services and advisory expertise to the income of their clientele.

Finally, these categories include settings where social networks (e.g., meeting friends)
and limited consideration sets are likely less important. Unlike restaurants, venues like
pharmacies are rarely visited to meet friends, and consideration sets for big-box retailers are
likely complete. That demographic preferences manifest even in these settings implies that

32Table A.4 shows the ve largest chains in each category.
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the tendency to visit venues with same-race and high-income co-patrons re ects more than
just social coordination or a lack of information about available venues.

6 Determinants of demographic exposure

This section quanti es how preferences over co-patron demographics contribute to realized
exposure to high-income individuals. The estimates in Section 5 show that, conditional
on where they live, people are willing to travel signi cant distances for their preferred co-
patron demographics. Section 6.1 uses counterfactual visit probabilities to show that these
choices impact income segregation in shared spaces. For instance, between one-third and
one-half of the Black-vs-White or low{vs-high-income exposure gaps would remain in the
absence of travel costs (i.e., eliminating the role of residential segregation). Section 6.2 uses
devices relocating across cities to show that demographic preferences may also directly shape
residential segregation by in uencing where people choose to live.

6.1 Sources of exposure to high-income co-patrons

To quantify the importance of various factors in explaining the large disparities in exposure to
high-income co-patrons that we documented in Table 1, we compute model-predicted visits
under the di erent counterfactual scenarios described in Section 4.6. Table 3 reports the
average exposure to high-income co-patrons for each demographic group (columns) in each
scenario (rows). The reported exposure is relative to a uniform benchmark in which each
member of a demographic group visits each venue nationwide with equal probability. The
last two rows show that our venue-choice model ts the data well, as the model-predicted
visits to chain restaurants generate exposure levels very close to those in the estimation
sample.

The \uniform within MSA" and \uniform within MSA{chain pair" rows reveal that ge-
ographic and chain-level factors play minor roles in explaining income exposure di erences
across demographic groups. When individuals visit venues uniformly within their metropoli-
tan area, mean exposure shifts by less than two percentage points relative to the national
uniform benchmark for nearly all groups®® Accounting for which chains di erent groups
visit shifts exposure by less than one percentage point for most groujisincome segrega-

33Low-income Hispanic individuals show the largest metropolitan-level e ects: their tendency to live
in lower-income cities explains roughly one-third of their lower income exposure relative to the uniform
benchmark (-0.05 of -0.15).

34High-income Asian and White individuals show the largest chain-related shifts: their 3-percentage-point
shifts represent less than one-quarter of their higher exposure relative to the uniform benchmark.
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Table 3: Mean exposure to high-income co-patrons

Low Income High Income

Asian Black Hispanic White Asian Black Hispanic White
o @ (3) @4 G (6 (7) (8)

(1) Uniform within MSA -0.02 -0.01 -0.05 -0.01 0.01 o0.01 -0.02 0.01
(2) Uniform within MSA{chain pair -0.02 -0.02 -0.06 -0.00 0.04 0.02 -0.01 0.04

Model Predictions

(3) Residential proximity -0.06 -0.16 -0.15 -0.03 0.11 -0.01 0.04 0.11
(4) Demographic preferences only -0.00 -0.05 -0.07 0.01 0.09 0.04 0.03 0.10
(5) Income preferences only -0.00 -0.01 -0.02 -0.00 0.09 o0.06 0.06 0.09
(6) Race preferences only -0.01 -0.04 -0.06 0.01 005 -0.01 -0.01 0.06
(7) Model-predicted visits -0.06 -0.16 -0.15 -0.03 0.14 -0.00 0.05 0.13
(8) Estimation-sample visits -0.06 -0.17 -0.15 -0.03 0.14 -0.00 0.05 0.13

Notes : This table shows the average high-income share of co-patrons an individual of each group would
be exposed to under di erent counterfactual visit scenarios. All rows are di erenced from a \uniform"
counterfactual scenario in which devices visit venues with uniform probability nationwide. The rst row
reports the counterfactual scenario in which devices visit venues uniformly within their MSA of residence.
The second row reports the scenario with uniform visits within their MSA of residence and choice of chain.
The third row reports the counterfactual scenario in which devices consider their distance disutility while
ignoring preferences for co-patron characteristics. The fourth row reports the counterfactual scenario
in which devices consider their preferences for co-patron characteristics while ignoring their distance
disutility. The fth row reports the counterfactual scenario in which devices only consider their preferences
for high-income co-patrons. The sixth row reports the counterfactual scenario in which devices only
consider their preferences for same-race co-patrons. The seventh row reports the counterfactual scenario
in which devices consider both their preferences for co-patron compositions and distance disutility. Finally,
the eighth row shows the actual exposure based on the home-venue-home visits in our estimation sample.

tion occurs primarily within MSA{chain pairs rather than across them.

Most of the di erences in income exposure must therefore be explained by proximity to
venues or demographic preferences. The \residential proximity” and \demographic prefer-
ences only" rows of Table 3 quantify how each factor predicts income exposure. Speci cally,
the \residential proximity" row reports the income exposure outcomes that would result if
individuals were to choose which of a chain's venues to visit based only on distance pa-
rameters ¢, absent any co-patron preferences § = 0). Conversely, the \demographic
preferences only" row reports the income exposure outcomes that would result if individuals
were to choose which of a chain's venues to visit based only on preferences for co-patron
composition, absent any disutility of distance®

35The counterfactual scenarios in which we set 9 = 0 or 9 = 0 are non-nested scenarios. Nested
scenarios, such as the strati ed uniform-probability scenarios (e.g., within-MSA to within chain-MSA),
lend themselves to simple comparisons because they di er in only one respect. Non-nested scenarios, such
as alternatively setting preference parameters for distance or for co-patron composition to zero, must be
interpreted carefully. These alternative scenarios do not provide an additive decomposition of the observed
outcomes, because marginal e ects are non-linear functions of the coe cients and covariates.
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When we eliminate travel costs|e ectively removing the role of residential segregation
so that only demographic preferences predict choices|substantial income exposure gaps
remain. For example, the exposure gap between low- and high-income White individuals
in the absence of travel costs would be 0.09 (=10 0:01), or 56 percent of the total gap
of 0.16 (= 0:13 0:03). We nd similar patterns for other demographic comparisons: 56
percent of the exposure gap between low- and high-income Black individuals would remain.
For interracial comparisons (e.g., low-income Black vs. low-income White individuals), 46
percent would remain. If we add a conservative assumption that demographic preferences
do not explain any variation across metropolitan areas and chains, demographic preferences
can still explain at least 31 percent of each exposure gép.

Importantly, these zero-travel-cost exposure levels vary across groups with similar demo-
graphic preferences. For example, Black and White individuals share similar preferences for
high-income co-patrons and similar levels of racial homophily, but these preferences drive
Black individuals to visit venues with much smaller shares of high-income co-patrons. This
occurs because Black and Hispanic individuals, who have lower income on average, must
choose between visiting high-income venues or heavily same-race vedUéssian and White
individuals do not face this trade-o . Eliminating racial homophily thus considerably nar-
rows the income exposure gap between racial groups (row 5 of Table 3).

Finally, there are also large exposure gaps between demographic groups that remain
when we instead eliminate the role of demographic preferences to isolate the importance
of residential proximity (row 3 of Table 3). For instance, between 63 and 94 percent of
low-vs-high-income and Black-vs-White exposure gaps would persist absent demographic
preferences?® Both residential proximity and demographic preferences alone can therefore
account for large portions of the total exposure gap, because groups live in neighborhoods
near venues whose co-patron mix they prefer. High-income individuals, for instance, live
in neighborhoods whose venues have more high-income co-patrons than average. In the
next subsection, we explore the connection between residential segregation and demographic

36The smallest exposure gap generated by demographic preferences after removing MSA and chain sorting
as a share of the total gap is the gap between low- and high-income White individuals. Removing the 0.04 gap
due to MSA and chain sorting from the 0.09 gap generated by demographic preferences within MSA{chain
pairs means that 0.05/0.16 = 31 percent of the exposure gap remains in the absence of travel costs.

37Bayer, Fang, and McMillan (2014) suggest that the scarcity of high-income majority Black neighborhoods
may explain why Black households live in poorer neighborhoods than White households with similar incomes.

38We perform computations analogous to those used when eliminating travel costs, considering scenarios
where residential proximity (absent demographic preferences) explains all variation across metropolitan areas
and chains, and scenarios where it explains none of that variation. The lower bound of the exposure gap
(63%) occurs between low- and high-income White individuals when we assume residential proximity does
not explain any variation between nests. The upper bound of the exposure gap (94%) occurs between low-
and high-income Black individuals when we assume residential proximity explains all variation between nests.
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preferences by investigating whether demographic preferences predict neighborhood choice.

6.2 Demographic preferences and residential sorting

We now use our model of venue choice to study the relationship between demographic prefer-
ences and residential segregation. We study the evolution of demographic preferences around
residential moves. When individuals move, do they choose residential neighborhoods that
align with their pre-move demographic preferences, and do their preferences subsequently
converge to those of their new neighborhood?

Speci cally, we estimate preference parameters at a monthly frequency before and after
between-MSA moves. To achieve su cient sample sizes, we study high-income White movers
for ve months before and ve months after they change metropolitan area¥. This allows
us to track how preference parameters evolve when an individual moves from an origin
neighborhood in same-race tercile to a destination neighborhood in same-race tercile.*

We re-estimate the model of Section 4.2, replacing the utility component that varies across
venues within a chain {; ) with month- and tercile-pair-speci c preference parameters:

X
= - g;od i ' g;od ; g;od_samerace g;od_highinc .
Y = 1ft= kg 3>Indistancg + 5 Indistancg + 5°s + 2%, ;

k= 5
(6)

god are the groupg preference coe cients on same-race share and high-

where $°¢and
income sharek months after moving from tercileo to tercile d.

Figure 6 shows estimated preferences for same-race exposure before and after moves across
terciles of the neighborhood same-race distribution.Given the small sample of movers, the
month-speci ¢ parameter estimates are noisy. Table 4 reports the pre-move and post-move
ve-month averages of these coe cients for each event study.

We nd that individuals live in neighborhoods that align with their demographic pref-
erences. Before moving, individuals residing in neighborhoods with higher same-race shares
exhibit stronger racial homophily. In Appendix C, we corroborate this correlation using our
full estimation sample, which is not subject to the sample-size and time-span limitations
of the movers analysis. This correlation between neighborhood composition and demo-
graphic preferences may re ect individuals sorting into neighborhoods along demographic

39We focus on between-MSA moves so that there is a stark change in the choice set and no scope for
venue-speci ¢ habits to drive behavior. We follow devices for only ten months because most devices appear
in the data for less than a year. The estimation sample is an unbalanced panel: not every mover is in the
sample for all ten months and not every mover makes a home-venue-home restaurant visit in every month.
High-income White individuals are by far the largest sample of between-MSA movers.

4Owe focus on moves across same-race terciles because moves across income terciles, shown in Ap-
pendix B.4, may arise from income shocks that could a ect preferences.
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Figure 6: Preferences over same-race share by month by tercile-to-tercile move

Moves from bottom same-race tercile

to bottom tercile to middle tercile to top tercile

Moves from middle same-race tercile

to bottom tercile to middle tercile to top tercile

Moves from top same-race tercile

to bottom tercile to middle tercile to top tercile

Notes : Each plot in this gure depicts event-month-specic, origin-race-tercile-destination-race-tercile-
speci ¢ estimates of preference for same-race co-patronsrgk;Od in equation (6). Each dot depicts a point
estimate and the bands depict 95% con dence intervals. The estimation samples contain home-venue-home
visits to restaurants by high-income White individuals who move between MSAs, split by the same-race
tercile of the origin residence and the same-race tercile of the destination residence.
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Table 4: Average same-race preference of high-income White devices before & after moves

o1 02 O3
D1 D2 D3 D1 D2 D3 D1 D2 D3

Pre-Move 059 0.60 065 081 096 094 133 167 254
(0.17) (0.20) (0.27) (0.19) (0.20) (0.26) (0.27) (0.25) (0.29)

PostMove 006 065 1.03 071 196 227 092 053 284
(0.15) (0.18) (0.25) (0.19) (0.21) (0.27) (0.23) (0.22) (0.26)

Notes : This table reports pooled estimates of rgk“’d from equation (6). For each origin-destination
pair, coe cients are pooled for event-months pre-move ¢ = 5tot = 1), and post-move ¢ = 0
to t = 5). The estimation samples contain home-venue-home visits to restaurants by high-income
White individuals who move between MSAs, split by the same-race tercile of the origin residence (with
O1 being the origin tercile with the lowest share White) and the same-race tercile of the destination
residence (with D1 being the destination tercile with the lowest share White).

preferences, or individuals' preferences converging toward the characteristics of their neigh-
borhoods (intergroup contact). The movers analysis allows us to verify each possibility.

First, we nd some evidence that individuals move to neighborhoods with demographics
that suit their pre-move demographic preferences. Among movers from neighborhoods with
similar racial composition, those who move to whiter neighborhoods had stronger racial
homophily before moving. These di erences are not always statistically signi cant, but they
are especially large|a near doubling in the strength of racial homophily |when contrasting
individuals moving from a third-tercile origin to a third-tercile destination (O3 to D3) with
individuals moving from a third-tercile origin to a rst-tercile destination (O3 to D1). In
other words, high-income White individuals moving from a high-White-share neighborhood
to a low-White-share neighborhood have substantially weaker same-race preferences before
the move.

Second, demographic preferences partially converge to the local demographic mix after
a move. The changes in estimated preference parameters, while not always statistically
signi cant, are consistent with neighborhoods shaping preferences. Individuals who move
to neighborhoods with a higher same-race share tend to exhibit stronger racial homophily
after moving. For instance, the same-race preferences of movers from O1 to D3 rise by
almost 60% post-move, but remain weaker than the preferences of those already living in
03. Similarly, the preferences of individuals who move to a neighborhood with a lower same-
race share evolve to exhibit weaker racial homophily. Given the limited time window, we
cannot assess whether preferences fully converge, but the point estimates constitute evidence
for neighborhoods shaping preferences.
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Finally, we note that estimated preference coe cients do not jump when individuals
move. The nine panels of Figure 6 depict event studies for moves between the nine pairs of
terciles of the same-race neighborhood distribution. The top-right (O1 to D3) and bottom-
left (O3 to D1) plots show the greatest contrasts between origin and destination terciles. In
each panel, there are neither trends in preferences prior to the move nor jumps in preferences
upon moving. This stability, despite the shock to venue information and social networks
associated with moving between cities, once again suggests that the tendency to visit venues
with same-race and high-income co-patrons re ects more than just friendship networks or
incomplete consideration sets.

Overall, these patterns suggest that demographic preferences and residential segregation
are related. Sorting appears relevant because preferences before a move predict the dominant
demographic of the destination neighborhood. Residential experiences appear relevant be-
cause preferences for the dominant demographic of the destination neighborhood strengthen
after a move. These results would be consistent with extended contact with one's neighbors
early in life in uencing preferences for demographic exposure, which then evolve slowly with
new residential experiences.

7 Conclusion

Our study o ers new insights into the demographic fragmentation of American life. We
measure exposure to high-income co-patrons in shared commercial spaces by combining data
from millions of smartphones with building-level demographic characteristics. We estimate
preferences for the racial and income composition of these spaces by studying visits to large
chains in which variation in venue attributes is limited.

We nd large disparities across groups in their exposure to high-income co-patrons. Black,
Hispanic, and low-income individuals experience lower high-income exposure. Demographic
preferences, however, are broadly shared across groups and economically large. For instance,
racial homophily translates into a willingness to travel two additional kilometers to visit a
venue at the 99' percentile of the same-race distribution rather than the 5 percentile, and
these preferences do not attenuate at higher incomes.

Our ndings have important implications for the future of American segregation. Since
demographic preferences alone can explain a substantial portion of income segregation in
shared spaces, eliminating di erences in product tastes and residential proximity may not
su ce to close the gaps in exposure to high-income individuals across demographic groups.
Moreover, if these demographic preferences in uence behavior in other settings, such as
neighborhoods and schools, removing structural barriers alone is unlikely to fully integrate
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American society.

Our analysis, however, reveals settings in which demographic preferences are less pro-
nounced. In particular, preferences are weaker in more integrated neighborhoods and weaken
following a move to a more integrated area. Consistent with the intergroup contact hypoth-
esis, integrated spaces may therefore promote further integration over time by attenuating
demographic preferences.
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Appendix { For Online Publication

A Data Appendix

A.1 Smartphone visits data

As described in Couture et al. (2021), each observed visit consists of a device, a venue, a
timestamp, and an attribution score. Precisely PlacelQ's attribution scores are larger when

a device is more likely to have been within a venue, based on the number and density of
pings, data source of pings, and proximity of the pings to the polygon de ning the venue.
We retain all visits with an attribution score greater than a threshold value recommended
by Precisely PlacelQ based on their experience correlating their data to a diverse array of
truth sets, including consumer spending data and foot-tra ¢ counts. Precisely PlacelQ also
reports a lower bound for the visit's duration based on the time between consecutive pings
at the same venue.

When two venues are in close geographic proximity, a single visit may have an attribu-
tion score exceeding Precisely PlacelQ's recommended threshold value for multiple venues.
Following the method outlined in Couture et al. (2021), in these cases, we retain only the
visit to the venue with the highest attribution score. In other cases, the polygons of two
di erent venues overlap?* When two polygons overlap, we retain polygons with an identi ed
business category over those lacking a category. We drop visits to overlapping polygons if
either both or neither have identi ed business categories.

We include all visits between June 1, 2018 and December 31, 2019. On an average day,
there were 167 million visits produced by 38 million devices visiting 40 million residential
and non-residential venues. The average device appears in the data for 159 days over the
19-month window, but a notable number appear on only one day. After we restrict attention
to devices in our estimation sample (one permanent home assignment over the 19-month
window) there are 104 million visits from 18 million devices visiting 30 million venues on an
average day.

A.2 Home assignments

We construct home assignments using a procedure introduced in Couture et al. (2021),
which we repeat here for convenience. Residential venues are a distinct category in the

41The most common case of such an overlap happens when the basemap contains one polygon representing
a business establishment and a second polygon representing both that building and the accompanying parking
lot.
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Precisely PlacelQ data. This allows us to construct a weekly panel of home locations for a
subset of devices using the following assignment method:

1. For each week, we assign a device to the residential venue where its total weekly visit
duration at night (between 5pm and 9am) is longest, conditional on that device making
at least three nighttime visits to that venue within the week? If a device does not
visit any residential location on at least three nights, then on initial assignment that
device-week pair has a missing residential location.

2. Atter this preliminary assignment, we Il in missing weeks and adjust for noisiness in
the initial panel using the following interpolation rules:

Rule 1: Change \X X"to \X X X" :If the residential assignment for a week is missing
and the non-missing residential assignment in the weeks before and after is the
same, we replace the missing value with that residential assignment.

Rule2:\a X Y X b"tola X X X b"where a6 Y andb§6 Y: If a device has
a residential assignmenty that does not match the assignmeni in either the
week before or the week after, we replacé with X as long asY was not the
residential assignment either two weeks before or two weeks aftér.

3. After step 2's interpolation, for any spells of at least four consecutive weeks in which
a device is assigned the same residential venue, we assign that venue as a device's
\home" for those weeks. Spells of less than four weeks are set to missing.

4. If a device has more than one home assignment and the pairwise distance between
them is less than 0.1 kilometers, then we keep the home that appears for the most
weeks.

5. If a device has the same home assignment in two non-consecutive periods and no
other home assignments in between, then we assign all weeks in between to that home
assignment.

A.3 Building-level demographics

Precisely PlacelQ provides us with demographic data at the building level for around 36
million residential buildings. This includes standard demographic information such as edu-

42Since we observe only minimum duration, there are instances where total duration is 0 across all resi-
dential locations. In these cases, we assign the residential venue as the venue where a device makes the most
nighttime visits.

“3For cases where a device's residential location is bouncing between two places (\Y X Y X X") we are
not able to ascertain whether Y or X is more likely to be a device's residence in a given week.
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Table A.1: Homogeneous Buildings by Race and Income

Category Group Buildings Percent
All 34,547,538 100
Asian 1,013,998 3

Race/Ethnicity Black 2,198,715 6
Hispanic 3,936,421 11
White 24,203,483 70
All 34,547,538 100

Income Low-Income 14,369,436 42

High-Income 19,839,966 57

Notes : This table shows the number of buildings for which we have information on race/ethnicity
and income. The \All" rows show that number for all buildings, and other rows show the number of
buildings that are \nearly homogeneous" (> 67%) for the four racial groups and two income groups.

cation, income, race, gender, and age. Each category is reported in discretized buckets, and a
building is assigned weights across buckets re ecting the share of people who live in the build-
ing who fall into each bucket. For income, we aggregate the provided bins to low-income
(< $75000, the bracket cuto closest to the national median in 2019), and high-income
(> $75000). For racial/ethnic categories, we aggregate the provided bins to non-Hispanic
Asian, non-Hispanic Black, non-Hispanic White, Hispanic, and all other racial/ethnic groups
not covered by our study**

Table A.1 shows the number of buildings that contain information on race/ethnicity
and income. The table also shows the number of buildings that are \nearly homogeneous"
(> 67%) for the four race/ethnicity groups and two income groups. 99% of buildings are at
least 67% low- or high-income. 91% of buildings are at least 67% Asian, Black, Hispanic, or
White.

A.4 Building-level data representativeness

In the main text, we show that the smartphone sample for which we have building-level data
are spatially representative. For instance, within a county, we have about the same number
of devices in block groups with a high White share as in block groups with a low White share.
In this appendix, we show that the building-level demographic data are highly correlated
with publicly available Census demographic data when aggregated to larger spatial units.
This exercise shows, for example, that we have more high-income devices in the building-level

4435peci cally, Asian includes \Central and Southwest Asian”, \Far Eastern”, \Southeast Asian", Black
includes \African American", White includes \Eastern European”, \Jewish", \Mediterranean", \Scandina-
vian", \Western European", Hispanic includes \Hispanic", and the remaining groups not covered by our
study are \Middle Eastern", \Native American”, \Other" and \Polynesian".

Online Appendix { 3



data relative to the Census. Figure A.1 compares four county-level demographic shares in
the building-level data to those in the 2015{2019 American Community Survey (ACS): share
of non-Hispanic Black residents, share of non-Hispanic White residents, share of Hispanic
residents, and share of residents whose household income is less ®&,000. The two
county-level measures are highly correlated: thR? exceeds 0.81 for all four demographic
shares. Given Panel B of Figure 2 showing that the smartphone sample with building
demographics is broadly spatially representative across block groups within counties, the
gaps between observations and the 45-degree line in Figure A.1 largely re ect di erences
within, rather than across, block groups.

Overall, we nd that aggregating the building-level demographic information to counties
yields more White and high-income households than found in the Census data. Figure A.1
shows that regressing the high-income household share in the Census on the same share in the
Precisely PlacelQ building-level data yields a coe cient of 1.36 and an Rof 0.84. Similar
regressions using the shares of Black, Hispanic, and White households yield coe cients of
0.84, 0.87, and 0.89 and & of 0.81, 0.97, and 0.92, respectively.

These di erences also vary in intensity across counties. The top-left plot of Figure A.1
shows that the share of low-income devices in the building-level data is smaller than the
share of low-income residents in the Census, except in counties with the largest low-income
shares. This means that low-income households are under-represented in the building-level
data, but less so in counties with more low-income households. Finally, the three other
plots of Figure A.1 show that, compared to the Census data, Hispanic households are pro-
portionally represented while White households are over-represented and Black households
are under-represented in the Precisely PlacelQ data. We note that the disparities between
demographics in our smartphone sample and Census data are more pronounced for income
than for race. Given these di erences and the arbitrary nature of a dichotomous de nition
of \high-income", we avoid reporting income exposure shares in absolute terms. This de-
cision is based on the notion that, although we can identify venues with higher shares of
high-income individuals, we may systematically overestimate the income of individuals in
these venues.

A.5 Building-level data reliability

We now seek to validate the accuracy of the demographic information in the building-level
data. First, we compare the Precisely PlacelQ building-level data to building-level incomes
inferred from house prices in Cook (2025) and address-level race and ethnicity data from the
North Carolina State Board of Elections (NCSBE) voter registration data. Then, we demon-
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