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effects. Analyses suggest a networks mechanism is at play.
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Sociologists have argued that local establishments such as restaurants, pubs, and cafés can
improve neighborhood life (Oldenburg 1989). These informal “third places™ are said to provide
the opportunity to talk to others outside of home (first place) and work (second), and to help
people maintain friendships, exchange ideas, and build community. While the impact of third
places on neighborhoods’ social networks and sense of community has been studied at length
(Small 2009; Klinenberg 2018; Small and Alder 2019), their effect on economic activity has not
(but see Andrews 2019). This paper examines the impact of a particular kind of third place on
entrepreneurship in U.S. neighborhoods.

We consider Starbucks cafés. These cafés can shape neighborhood social networks by
making it less costly for people to meet with others, and by increasing the probability of
unplanned contact with acquaintances or new connections. Networks have been repeatedly
documented to be important for entrepreneurship (Sorenson and Audia 2000; Arzaghi and
Henderson 2008; Sorenson 2018). When starting a company, entrepreneurs benefit from having
others with whom to brainstorm and refine ideas, identify potential pitfalls, seek funders and
other supporters, and navigate legal and logistical roadblocks. Starbucks Corporation, a Fortune
500 company, was distinct because in the 1980s, when many American coffee shops primarily
focused on selling food and drink, Starbucks invested in a model inspired by European cafés,
wherein the coffee shop would provide a social setting for individuals to interact: “There wasn’t
really a term for what [we were doing] until a few years later, in 1989, when sociologist Ray
Oldenburg coined the term ‘third place’, describing a place beyond home and work where people
could gather, relax and talk” (Pieper 2022). As third places, Starbucks coffee shops may help
entrepreneurs form and mobilize networks needed in the early phases of a startup.

Starbucks cafés may also promote neighborhood entrepreneurship through other channels.
The opening of a Starbucks is said to have a signaling effect. Entrepreneurs and investors
considering a neighborhood seek evidence that it is poised for growth, and a Starbucks coffee
shop may be a powerful signal. In fact, real estate professionals have called the tendency for real
estate prices to rise in a neighborhood after the opening of a Starbucks “The Starbucks Effect”
(Anderson 2015; see Glaeser, Kim, and Luca, 2018a, 2018b for counterevidence). Other retailers
may also expect the opening of a Starbucks to drive higher customer visits to their own
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promising. In addition to these signaling effects, Starbucks cafés also provide a place for people
to work independently on their new firm. By offering a space to linger and amenities such as free
high-quality wireless internet, restrooms, and food, Starbucks may make it easier for
entrepreneurs to start their firms.

Separate from such effects, there is the possibility of selection. Starbucks Corp. may select
for their new coffee houses those neighborhoods where entrepreneurship was already poised to
increase, even if a café had not opened. If the attributes that make a neighborhood attractive for
Starbucks are also those that contribute to more startups, then the opening of a Starbucks coffee
shop could be followed by higher entrepreneurship even if Starbucks were not the cause of this
increase.

Using data on business registrations in the U.S. between 1990 and 2022 from the Startup
Cartography Project (Andrews et al. 2022), we study whether the introduction of a Starbucks
café into a neighborhood with no prior coffee shops increased the number of new firms
registered in that neighborhood. We use a staggered difference-in-differences approach that takes
into account treatment heterogeneity and observable pre-trends (Callaway and Sant’ Anna 2021;
Wooldridge 2021), focusing on three distinct empirical analyses. First, we compare census tracts
that received a Starbucks to census tracts that expected a Starbucks but did not ultimately get one
due to administrative issues such as city planning, zoning board rejection, architectural board
rejection, or community mobilization. These ‘rejected’ Starbucks are a natural control group
because Starbucks Corporation also sought to open in those neighborhoods, providing strong
analytical leverage. However, this set of census tracts is small in number.

Second, we compare these same neighborhoods to a matched sample of neighborhoods
obtained through a machine learning model on a large set of track observables. The selection
criteria for this second comparison set is less stringent, but its larger sample size allows higher
statistical precision when estimating differences in entrepreneurship between treated and control
tracts.

Third, we consider a partnership between Starbucks Corporation and retired professional
basketball player and entrepreneur Earvin “Magic” Johnson that aimed at improving under-
resourced neighborhoods by introducing the cafés. Under the partnership, cafés were opened in
low-income, minority neighborhoods, such as Harlem in New York City and Ladera Heights in

Los Angeles. The neighborhoods Johnson made a case for were not previously part of Starbucks’



location strategy as potential sites for a café, making them a useful site for analysis. However,
while this effect would be interesting in its own right, it may combine the Starbucks effect with
the benefits of endorsement and media attention that result from Magic Johnson’s involvement.
Thus, our three starting approaches have different strengths and limitations.

In all three approaches, we document a statistically significant increase in neighborhood
entrepreneurship following the opening of a Starbucks café. We do not observe pre-trends in any
of the three comparisons. When we compare neighborhoods that ultimately opened a Starbucks
to neighborhoods that rejected Starbucks, using linear models Callaway and Sant’Anna, 2021)
and Poisson specifications (Wooldridge, 2021), we estimate that neighborhoods where a
Starbucks opens see an average increase of 9.1% to 22.5% in the number of firms, or 2.9 to 6.4
additional firms. In addition, when we perform a placebo test by creating a fake treatment
variable for the cases where a Starbucks opening plan was rejected, the estimated effect for the
fake ‘entry’ of a rejected Starbucks is insignificant and the coefficient is negative, suggesting our
effect is driven not by site selection but by the physical opening of a Starbucks. When we
compare treated neighborhoods to a sample of matched tracts that also had no coffee shops, we
also estimate a positive Starbucks effect of 4.1% to 8.9% increase in local entrepreneurship
following its opening. This increase amounts to 1.4 to 2.8 additional new startups per year in the
tract, with the effects persisting for at least seven years. When we focus on the sample of Magic
Johnson Starbucks, the opening of a Johnson café is followed by an increase in the number of
expected startups by 26.7%, or 7.2 new registered firms per year in those neighborhoods.

In addition, across multiple analyses, we find evidence consistent with the idea that the role
of Starbucks in promoting social networks is an important mechanism behind the observed
increase in entrepreneurship. First, the benefit of a Starbucks café is larger precisely when it
would offer new opportunities for neighborhood socialization. When, rather than focusing on
neighborhoods without prior coffee shops, we study those that already have coffee shops, we do
not observe higher entrepreneurship after a Starbucks opens. Neighborhoods with existing coffee
shops may already have these kinds of socialization spaces. Second, the benefit of Starbucks
coffee shops compares to that of other cafés based on whether these function as “third places.”
As we noted, coffee shop companies differ. When we consider the entry of all coffee shops that
are not Starbucks, the effect is small and fleeting. When we repeat our approach with
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seating—we do not see an increase in entrepreneurship. In contrast, when we repeat it on
neighborhoods that open a Panera Bread establishment—a chain offering a third place concept
analogous to Starbucks’ but evidencing longer dwell times for visitors—we see an increase in
entrepreneurship larger than Starbucks’. This result is also consistent with our finding that Magic
Johnson Starbucks had much larger effects than other Starbucks, since the Magic Johnson
establishments targeted neighborhoods lacking local community establishments.

Third, when we probe in greater detail the selection process by which Starbucks decides
where to establish, we find that the neighborhoods where we find an effect are not those that
Starbucks Corp. tends to select. We estimate a machine learning model (gradient-boosted tree)
that predicts whether a neighborhood opens a Starbucks from a large number of neighborhood
observables obtained from the 2000 U.S. Census. The observables that best predict the opening
of a Starbucks include those indicating the neighborhood has young, high-income, and educated
residents—a finding consistent with Starbucks’ brand image as catering to the highly educated.
But the selection process does not appear to explain our effects. One, we find that the number of
pre-existing cafés in the neighborhood is positively correlated with the probability of a Starbucks
opening. Two, when we use these observables to estimate individual neighborhood treatment
effects (Wager and Athey, 2018), we find that a neighborhood’s estimated effect is negatively
correlated with the number of cafés and with the probability of getting a Starbucks. The strongest
effects of Starbucks on entrepreneurship are among those neighborhoods least likely to see a new
Starbucks.

Fourth, while we do not argue that signaling and remote work are playing no role in the
Starbucks effect, the tests we perform surface little evidence that these mechanisms are salient in
driving it. When we consider firms that most intuitively benefit from proximity to a Starbucks,
such as retail and food establishments, we do not find that our effect is concentrated in these
groups. This is also the case when we test for a change in the local real estate market by
considering whether real estate startups, such as leasing offices and real estate agencies,
increased in the neighborhood. When we consider the availability of wifi at Starbucks under the
assumption that it would be necessary for most remote work, we find positive effects—of the
same or larger magnitude—before 2010, when Starbucks did not offer free unlimited wifi (only
two hours of wifi for Starbucks Rewards members) and before 2008, when Starbucks offered

only paid wifi. Fifth, when we use geocoded data to study heterogeneity across locations, we see



two additional indications of a network mechanism: the effect is larger for Starbucks cafés with a
larger square footage and for those with greater foot traffic. Finally, the effect is similar for
another establishment that stimulates networks and supports business—trestaurants—but not for
another that stimulates networks but not as often for business transactions—bars.

Together, these results provide new evidence of the importance of local establishments to
neighborhood conditions, contributing to two research fields. First is research on
entrepreneurship. As the examples of Kendall Square in Cambridge, Massachusetts and Sand
Hill Road in Silicon Valley, California, illustrate, entrepreneurship responds strongly to local
spatial conditions because physical proximity to others is important for idea generation,
creativity, and problem-solving (Marshall 1920; Allen 1970; Saxenian 1996; Sorenson and
Audia 2000; Andrews 2019; Roche 2020; Kerr and Kerr 2021; Roche et al. 2024; Atkins et al,
2022), and for acquiring startup capital and resources (Stuart and Sorenson 2003; Arzaghi and
Henderson 2008; Guzman and Stern 2015; Kerr and Kominers 2015; Agrawal et al. 2017;
Leonardi and Moretti 2023). However, few studies on space and entrepreneurship have evaluated
either the causal effects of introducing a new organizational form to a neighborhood or the
specific effect of third places. Our results are consistent with Andrews’s (2019) study, which
found that Prohibition reduced patenting, but only in counties that had a social structure that
revolved around saloons, and with contemporaneous work by Andrews and Lensing (2024)
relating the count of Starbucks cafés in a county to innovation.? Our results also bring new life to
Saxenian’s (1996) characterization of another third place, Walker’s Wagon Wheel, as an anchor
of social structure in Silicon Valley. Policy interventions to increase regional entrepreneurship
often underscore the benefits of third places, as they increase the ability of regional stakeholders
to interact and work together.> Our work adds greater depth to the understanding of how these
organizations contribute to entrepreneurship.

Second, our findings contribute to research on neighborhood effects and economic outcomes.

Social scientists have shown that the economic outcomes of individuals are associated with the

2 Besides our focus on a different geographic scale than Andrews and Lensing (2024) and a different outcome
(entrepreneurship), our analysis is specifically targeting those neighborhoods that lack of socialization opportunities
and its benefits to local firms, while they study the production of innovative ideas.

3 For example, after participating in MIT’s Regional Innovation Entrepreneurship Program (REAP), aimed at
helping local regions develop regional innovation and entrepreneurship ecosystems, the university Tec de Monterrey
invested in a collaboration with the Cambridge Venture Café to open the Venture Café Monterrey to “[bring]
bringing together entrepreneurs, investors, government, companies, universities, and civil society organizations”
(Garcia, 2022).



neighborhood in which they reside (Kain, 1968; Wilson 1987; Wilson 1996; Porter 1997;
Glaeser and Sacerdote, 2000; Durlaf 2004; Sharkey and Faber 2014; Chyn and Katz 2021), and
that this association is in part due to differences in neighborhood social environments (Wilson
1996; Glaeser 2000; Small 2004; Ivkovi¢ and Weisbenner 2007; Brown et al 2008; Small and
Adler 2019; Chetty et al 2022a, 2022b). However, randomized experiments that allow people to
move out of disadvantaged neighborhoods have shown little effect from moving on adult
employment (Kling et al. 2007; Chetty et al. 2016; Nakamura et al. 2022). The effects on
children, in contrast, are significant (Bobonis and Finan, 2009; Chetty and Hendren 2018a,
2018b). One possible explanation is that adults will not be able to join the social dynamics and
culture of a new neighborhood while children will. These facts have made some neighborhood
researchers argue that improving neighborhoods themselves is important (e.g. Sampson 2008,
2012), and place-based policies focused on neighborhoods have indeed seen some success
(Busso et al. 2013). Startups account for 15% of gross job creation in the U.S. (Decker et al.
2014), and this job creation is disproportionately local (Samila and Sorenson 2011; Glaeser,
Kerr, and Kerr 2015). Promoting local entrepreneurship may be a way to improve neighborhood

conditions.

1. Starbucks Corporation

Starbucks Corporation is a multinational chain of coffee shops with about 34,000 locations in
80 countries. It is the world’s largest coffee chain, with three times as many locations and
thirteen times the market capitalization of the second largest, Dunkin’ Donuts (Wikipedia 2021;
NYSE 2023). Starbucks’ success is often credited to the introduction of a coffee shop concept in
the U.S. in which the expectation was not only to sell coffee, but also to give customers the
opportunity to linger, socialize, and connect. The concept that a shared place can lead to
neighborhood socializing and community action was formalized in Oldenburg’s (1989) classic
work on “third places” (see also Jacobs 1961; Putnam 2000; and Klinenberg 2018). Recognizing
the similarities, Starbucks explicitly stated its value proposition as creating a “third place
experience.” For example, in 2004, CEO Howard Schultz described Starbucks’ business strategy
in its stockholder annual report (10K) as follows:

The Company’s retail goal is to become the leading retailer and brand of coffee in each of its

target markets by selling the finest quality coffee and related products and by providing each



customer a unique Starbucks Experience. This third place experience, after home and work,
is built upon superior customer service as well as clean and well-maintained Company-
operated retail stores that reflect the personalities of the communities in which they operate,

thereby building a high degree of customer loyalty. (Starbucks Corporation 2004)

The coffee shops were expected to be friendly and accessible, encouraging conversation and

lasting visits as part of a routine.

1.1 The Magic Johnson Partnership

In 1997, Earvin “Magic” Johnson established the Johnson Development Corporation “to
identify opportunities to revitalize communities and pursue business development in under-
served neighborhoods” (Business Wire 1998). As part of that endeavor, he convinced Schultz to
create a partnership to bring Starbucks cafés to inner cities, which were then an untapped market.
Schultz explained at the time: “We recognize that many urban cities do not have a wide variety
of retail choices, and we have been looking into ways to bring the Starbucks Experience to these
areas for some time. We weren’t quite sure how to do this until we met Earvin ‘Magic’ Johnson,
and now we’re convinced that we have the right partner to make this happen” (Business Wire
1998). Johnson and Starbucks established Urban Coffee Opportunities (UCO) through a 50/50
partnership; the first UCO store opened in 1998 in Ladera Heights, California. A year later,
Johnson boasted about the socializing benefits the café created in the neighborhood: “The store is
doing exactly what we had hoped—yproviding not only the best coffee, but also the best hangout
spot in town—and it’s one of the top new Starbucks stores opened in Southern California. We
look forward to building on this great foundation as we go into more new communities”
(Business Wire 1999). Johnson also argued that the locations would promote community
development by signaling. During the opening of the Harlem location, he explained: “This will
be the anchor to attract other businesses to Harlem [...] Starbucks is being very courageous. Now,

other business leaders will say, ‘See? Starbucks did it. We can do it, too” (Kuntzman 1999).

2. Data and Measures
We study neighborhood entrepreneurship after the introduction of a Starbucks café. We focus

on census tracts, geographic areas commonly used to designate neighborhoods in the U.S.



(Krieger 2006; Sperling 2012). Census tracts are intended to be relatively stable over time, but
they are merged or split when a location’s population changes significantly. We use the 2010
census tract geographic boundaries and harmonize data from previous censuses to those
boundaries. We add data from three other datasets, incorporating the location of Starbucks coffee
shops, the entry of other types of third places, and the number and characteristics of new

businesses established in that tract. We describe each dataset in turn.

2.1 Starbucks and Other Third Place Locations

We identify Starbucks locations using Reference USA (Infogroup). Reference USA is a
business marketing database tracking local establishments. It uses Yellow Pages and other local
listings to identify businesses, their industry code, their location, and contact information. We
obtained annual snapshot files of Reference USA from 1997 to 2021 through the Wharton
Research Data Service (WRDS). These annual snapshots include all local establishments as
tracked by Reference USA in that year, including their latitude and longitude, allowing a
retrospective picture of establishments in a neighborhood.

To identify Starbucks locations, we searched for “Starbucks” as the business name and
gathered geographic coordinates and address information. We coded as openings all cases in
which an establishment did not exist in 1997 and appeared in Reference USA in either 1998 or a
later year. Using North American Industry Classification System (NAICS) codes, we also
identified other coffee shops (722515 Snack and Nonalcoholic Beverage Bars),* bars (722410
Drinking Places (Alcoholic Beverages)), and restaurants (722511 Full-Service Restaurants).

We developed five measures. Gets First Starbucks—No Prior Café, our main treatment
variable, indicates whether a Starbucks has opened in an neighborhood and this neighborhood
that did not have any coffee shops prior to the Starbucks. Gets First Starbucks—Has Prior Café
indicates whether a Starbucks has opened in a neighborhood but this neighborhood had prior
coffee shops. Gets First Cafée—No Prior Café records the opening of the first coffee shop in a
neighborhood when the coffee shop is not a Starbucks. Gets First Restaurant—No Prior

Restaurant and Gets First Bar—No Prior Bar are equivalent variables for restaurants and bars.

4 Coffee shops are by far the most common establishment type in NAICS code 722515; however, the code
includes others, such as candy stores and ice cream shops (a majority of which also sell coffee). We also ran our
estimates with more stringent definitions that removed what we believed to be candy stores and ice cream shops, and
our results were effectively unchanged.



Figure 1 plots the distribution of years in which a Starbucks opens in a neighborhood, for
those neighborhoods for which Gets First Starbucks—No Prior Café is equal to 1. At its height,
almost 600 neighborhoods received their first coffee shop thanks to the entry of Starbucks. In
total, we identify 3,970 census tracts that had no coffee shops in 1997 but received their first
coffee shop as a Starbucks during our sample period. The majority of this activity occurs
between 2001 and the Great Recession in 2008 giving our data good coverage before and after
the Starbucks opening dates.

To obtain the location and establishment date of the Magic Johnson partnership, we used The
Wayback Machine, a platform offered by the Internet Archive (archive.org) that stores historical
versions of websites. We accessed earlier versions of the Magic Johnson Enterprises website and
recorded the Starbucks locations listed under Urban Coffee Opportunities in this website
(Appendix Figure Al includes a screenshot). We triangulated using Yelp, directories of
Starbucks locations, and newspaper announcements of Starbucks openings. We identified 68
Magic Johnson Starbucks locations (see Appendix Table A5).> We matched these locations with
Reference USA to obtain their opening year. Three locations did not match any establishment in
Reference USA, leaving us with 65 in total.

The match rate between the firms listed on the UCO website and Reference USA also serves
as a validation of how well our sample covers Starbucks locations. Ninety-six percent of
Starbucks in the UCO data are also in Reference USA (i.e., 65 out of 68). It is notable that UCO
targeted urban and minority neighborhoods—which may be less accurately covered by
Reference USA. Furthermore, UCO was formed at a moment in history early in the development
of the Reference USA sample (1998-2005), a period during which unresolved measurement
problems, if the data had them, would be more likely to present themselves. We are therefore
reasonably confident that our whole sample closely approximates the universe of Starbucks

establishments.

2.2 Startup Formation using Business Registration Records

5 News reports covering the end of the partnership between Magic Johnson and Starbucks in 2010, when all
locations were sold back to Starbucks, suggest there may have been between 105 and 125 locations. However, only
68 are listed in the historical versions of the UCO website.
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We measure entrepreneurship using data from the Startup Cartography Project (SCP)
(Andrews, Fazio, Guzman, Liu, and Stern 2022). The SCP is built using business registration
records to measure the quantity and quality of entrepreneurship at any level of geographic
granularity within 49 states and Washington D.C. from 1988-2022. After 2016, not all states are
included due to data collection drop-offs.®

Business registration represents the legal process through which a new firm is created. In the
U.S., filing a business registration is a requirement to create all corporations, limited
partnerships, and limited liability companies. In fact, it is the filing itself that legally creates the
firm.” Each business registration record includes the date of registration, name of the firm, the
directors of the firm, the address, the corporate form, and the jurisdiction (i.e., Delaware or
local).

We create four measures of entrepreneurial activity in each census tract and year. Summary
statistics for these are presented in Table 1. Number of Startups, our main dependent variable, is
the number of new firms registered in each census tract and year. The average census tract has 21
registrations, or 1.8 per month. The remaining three measures are indicators used to differentiate
firms of higher economic potential following Guzman and Stern (2015, 2020). Number of
Corporations is the number new corporations (as opposed to LLCs or limited partnerships).
Corporations offer entrepreneurs a clear separation of corporate personhood between the firm
and the owner. They also offer stronger minority shareholder rights and stronger governance. If a
company wishes to receive external equity investment or list in public markets, being a
corporation is a practical necessity. Corporations, however, are inconvenient for a smaller
business due to double taxation® and additional governance complexity. Accordingly,
entrepreneurs who are more interested in growth are more likely to register as corporations.
Empirically, registering as a corporation predicts a doubling to tripling of the probability of
achieving a high value acquisition, IPO, or high employment (Guzman and Stern 2015, 2020;

Andrews et al. 2022). Number under Delaware represents the number of firms under Delaware

6 Three states (South Carolina, Illinois, and Michigan) are not included for 2016 to 2018. Only 8 states are
included from 2018 to 2022, New York, Texas, California, Florida, Tennessee, Georgia, Kentucky, and Alaska
(representing almost 40% of US GDP).

7 General partnerships and sole proprietorships do not require a legal registration to be founded.

8 Corporations are a separate legal entity independent of the founder. The corporation is required to pay
corporate income taxes; the founder is required to pay taxes on dividends or salary income. Limited liability
companies offer pass-through taxation, which means income is only recognized as personal income. If small,
corporations can also file taxes as S-corps which also allow pass-through taxation.
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jurisdiction. This jurisdiction is helpful for firms requiring a more complex regulatory
environment (Guzman 2023). The Delaware General Corporate Law is the best understood
corporate law in the U.S., with a long cannon of decisions that are useful in creating predictable
contracts even in cases of significant complexity. Delaware also has an advanced institutional
foundation to deal with corporate arbitration, including a highly reputed Court of the Chancery.
Furthermore, Delaware’s decisions and legal framework are generally regarded as pro-business.
If a startup is raising institutional venture capital, then being a Delaware corporation is typically
required by the investors. However, such registration also comes with additional costs, as it
requires maintaining two different registrations (one in Delaware, one in the local state).”
Consistent with the benefits of Delaware accruing to more sophisticated firms, over 60% of all
public firms are in Delaware jurisdiction, even though Delaware incorporated firms represent
less than 4% of all business registrations. Empirically, entrepreneurs that select into Delaware
are predicted to be about 20 times more likely to achieve high value acquisitions, IPOs, or high
employment (Guzman and Stern 2020; Andrews et al. 2022). Finally, Number High Tech is the
number of companies whose name uses words associated with the high-tech industry, using the
list in Guzman and Stern (2015).'° High tech companies are known to have particularly large

local economic multipliers, leading to higher economic impact (Bartik 2022).

2.3 Local Characteristics Using Census Data

For our panel analysis, we obtain tract-level demographic information of the total population
and black, Hispanic, and Asian populations from the 2000 Decennial U.S. Census, retrieved at
the ZIP code level. The data are aggregated and converted to 2010-vintage census tract-level
values using the HUD 2012 Q1 ZIP Code to Tract Crosswalk Table to match our reporting unit
of 2010-vintage census tracts.

To estimate population density, we use land area data from the Tiger Line shapefile for the

2010 ACS. We use the HUD 2012 Q1 ZIP Code to Tract Crosswalk Table!! to obtain estimates

® Based on informal conversations, we have learned that the double-registration amounts to an additional
administrative burden of a few thousand dollars for the startup. While this amount is small for the prototypical high-
growth startup, it may be significant for a local entrepreneur.

10 The approach identifies all words that are over-represented in the names of Reference USA firms that match to
industries belonging to the following U.S. Cluster Mapping Project (Delgado et al. 2016) clusters: Aerospace
Vehicles and Defense, Biopharmaceuticals, and Information Technology and Analytical Instruments. Examples
include “semiconductors,” “biotherapeutics,” “circuit,” and “molecular.”

"' We used 2012 Q1 Crosswalk table because HUDS reflected the 2010 Tract boundaries from 2012.
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of tract-level average wages from the U.S. Census ZIP Code Business Patterns. We construct
tract-level average wages by dividing total annual payroll by total employment within each tract.
All average wage measures are reported in thousands of dollars.

In addition, we download a large set of census-tract—level neighborhood characteristics from the
2000 U.S. Census Summary File 3 (SF3). SF3 reports detailed social, economic, and housing
information collected via the Census 2000 long-form questionnaire, administered to a sample of
roughly 19 million housing units (about one in six households). Using SF3 tabulations at the tract
level, we compile 4,512 features for all tracts that did not have a Starbucks in 2000. We use these

tract-level covariates in the machine-learning matching procedure described in the next section.

2.4 Starbucks Rejected from Establishing in a Census Tract

To document the tracts that rejected Starbucks for reasons extraneous to the choices and
strategic planning of Starbucks Corporation, we perform manual searches in LexisNexis and
Google News to look for news on all possible Starbucks locations that could have opened but did
not due to a local objection. We found 13 cases where these occurred,with reasons for the
rejection including city planning and zoning board issues, architectural board rejections, and
community mobilizations against the opening of a Starbucks café. Appendix Table A3 includes

the list of 13 rejected Starbucks cafés in our data and their date and location.

2.5 Analytical Samples

Based on these multiple data sources, we developed three samples for analyzing the effect of
Starbucks on tracts without prior coffee shops. The first sample is composed of those tracts
where Starbucks successfully entered and those where Starbucks attempted to enter but was
rejected. The sample spans from 1997, the first year of Reference USA, to the last year for which
we have data for each state.

The second sample is similar, but instead of using the neighborhoods which rejected
Starbucks as a control group we obtain a broader set of matched control neighborhoods based on
census tract characteristics. First, for all census tracts without a coffee shop at the beginning of
our sample, we estimate a machine learning model that predicts the probability that a Starbucks
opens based on a large number of characteristics from the 2000 U.S. Census. The details of this

machine learning model are further explained in the Appendix Section B and Section 4.4. Then,

13



we use nearest neighbor matching (caliper 0.2) to select a number of census tracts that did not
receive a Starbucks but are observably similar to those where it opened.

The third sample is based on the Johnson-Starbucks partnership. It is composed of tracts
where a Magic Johnson Starbucks opened as compared to control tracts obtained by replicating
our matching procedure with a model estimating the probability that a Magic Johnson location
opens.'? Tracts with a new Starbucks café that is not a Johnson-Starbucks one are not part of this
sample. The first coffee shop in the Johnson-Starbucks partnership was opened in 1998. We
focus on the twenty-year period between 1990 and 2010, the year the partnership ended. Starting
in 1990 allows us to examine the pre-treatment period for in this sample. Note that, in contrast to
other analyses, this one is not constrained by the fact that the Reference USA dataset starts in
1997, because we know there were no Magic Johnson Starbucks cafés before 1998.

Table 2 reports neighborhood demographic characteristics for each relevant group in our
sample: neighborhoods where a Starbucks planned to open but was rejected, neighborhoods that
received their first Starbucks and had no prior cafés, neighborhoods that had no coffee shops and
never received a Starbucks, neighborhoods where a Magic Johnson Starbucks opened. A few
patterns are notable. One, neighborhoods where Starbucks planned to open but was rejected also
have similar wages to other Starbucks neighborhoods, but they have fewer black, Hispanic, and
Asian residents. Two, Magic Johnson neighborhoods have significantly higher population
density, four times that of a normal Starbucks tract, four times the number of black residents, and
more than twice the number of Hispanic residents. This pattern is consistent with UCO’s focus
on inner-city African American neighborhoods.

Each of these samples provides distinct advantages and disadvantages for our empirical
analysis. The sample based on rejected Starbucks cafés offers perhaps the cleanest control group,
but it does so at the cost of precision in our estimates, since the number of rejected Starbucks is
relatively small and more idiosyncratic. The Magic Johnson sample has a larger control group
and allows studying neighborhoods that are highly disadvantaged and therefore more likely to

benefit from a third place. However, this sample has only a small number of Starbucks events,

12 Our matching procedure seeks to find tracts that have similar proportion of black residents, wages, and
population density to those that received a Magic Johnson Starbucks. To achieve this, we first split all census tracts
in ventiles for each of these three variables and estimate, for each ventile j of measure v, the share s; ,, of tracts that
have a Magic Johnson Starbucks. Then, for each tract i, we estimate a sampling weight equal to the product of these
shares w; = S; j biack * Sijwages * Si jpopden @nd draw 5000 control tracts based on these weights. A comparison of
the distribution of these observables for the Magic Johnson and control tracts is provided in Appendix Figure A2.
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65. There is also a risk that this treatment overstates the benefits of third places, because the
association with Magic Johnson additionally led to significant media attention and community
buy-in. The matched set of control tracts offers a larger set, allowing higher precision and
covering the majority of the U.S., but it does so at the cost of being the sample at most risk of
endogeneity. Starbucks Corporation naturally chooses locations through careful strategic

planning so that, even in the absence of pre-trends, concerns over selection could linger.

3. Empirical Strategy
3.1 Two-Way Fixed Effects Estimators

We implement a staggered difference-in-differences estimator with two-way fixed effects,
taking advantage of recent advances in econometric methods that account for heterogeneity in
treatment effects across cohorts and locations. We focus specifically on changes in the
conditional mean of the number of startups, using a Poisson model. The typical two-way fixed
effect model estimates, for each census tract i at time t, an equation of the following form:

Yie =BX Dy +yi+ A + €
where Y;; represents the number of startups, y; is a tract fixed effect, A; a year fixed effect, D;; is
a binary treatment representing the entry of a third place into a tract, and €;; is a random error.
The coefficient of interest is 3, representing the average proportional increase in the number of
firms between treated and non-treated neighborhoods.

We extend this model by building on Wooldridge (2021) and other work that seeks to
account for treatment heterogeneity and avoid “prohibited” comparisons that may create biased
estimates (de Chaisemartin and D'Haultfeeuille 2020; Callaway and Sant’Anna 2021). Similar to
Callaway and Sant’Anna (2021), the Wooldridge approach accounts for this issue by
incorporating cohort and time-specific coefficients. Specifically, in each year t, for each census
tract i that was first treated on year t, we implement the regression,

Yie = Ber X Gue XA +vi+ A+ €
where g;, is an indicator representing the individual year in which tract i was treated (and 0 if it
is never treated), and f;, the individual coefficients for each treatment cohort and year. We
report the average marginal effects (as Poisson elasticities) for our main estimate. Standard errors

are clustered at the county level.
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One disadvantage of implementing this extended two-way fixed effects model is that it
requires including a fully interacted set of indicators by treatment cohort, which removes all
variation in the pre-period, and hence does not allow estimating pre-trends in the level of
entrepreneurship before the introduction of Starbucks into a neighborhood. Therefore, we
complement the Wooldridge estimator with event study estimates using the approach by
Callaway and Sant’Anna (2021). This approach uses linear regression and a doubly-robust
control approach to account for selection into treatment. When we run this model, we prefer
using the number of new firms as the dependent variable, instead of a transformation such as the
logarithm or the inverse hyperbolic sine, given recent concerns over the lack of validity of these
transformations around zero (Cohn et al. 2022).

For the rejected Starbucks analysis, we focus on a comparison between treated and never-
treated tracts, since the tracts that reject a Starbucks are by definition never treated. For the other
analyses, we compare treated tracts to not-yet-treated tracts. Focusing on not-yet-treated
neighborhoods in these cases allows us to partially account for selection issues. Given the
possibility that neighborhoods that are good candidates for a coffee shop are different from
others in ways that are unobservable to us, we see the locations used as controls in the not-yet-

treated specification as also appealing to Starbucks, but simply receiving the café later.

4. Results
4.1 Event Study Estimates

Our first set of results, in Figure 2, presents event studies estimating the average difference in
the number of new firms in the neighborhood with no prior coffee shops that receives a
Starbucks compared to the controls (coefficients are reported in the Appendix).

Panel A uses the tracts with a rejected Starbucks as controls. There are no pre-trends in

the number of startups before Starbucks opens. Once the Starbucks opens, the coefficient shows
a small effect at year 0,that then increases until year 3. In our appendix, we also present

robustness tests varying the definition of a “rejected” Starbucks.!3

13 Four of the neighborhoods that rejected a Starbucks ultimately did get one years later. We report our event
study removing all observations after the neighborhood’s future Starbucks opens (Figure A4) and removing these
neighborhoods altogether (Figure AS). Our results remain similar to the main result.
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Panel B reports the effect compared to matched census tracts without coffee shops. We
observe the same pattern. There is a small effect at year 0 that increases until year 3, though the
magnitude of the effect appears smaller in this sample.

Panel C considers the number of startups after the opening of Magic Johnson Starbucks
cafés. The dynamics of this effect move more slowly and the coefficients have larger confidence
intervals due to there being fewer treated neighborhoods, but we nonetheless document a positive
increase by year 4 that is larger than in Panel B.

These results evidence a positive increase in entrepreneurship for neighborhoods where a
Starbucks opens and no previous trend. In each of the panels, the effect increases slowly. The
gradual increase of the effect provides comfort against the potential confounding role of other
businesses opening contemporaneously with Starbucks as part of broader real estate development
efforts. For example, when a shopping mall opens, a Starbucks may open at the same time as
other local stores. However, if this type of bias were the predominant driver of our results, then
we should have seen differences in registrations for such businesses at year 0 or even year -1,

before the establishment opened.

4.2 Average Increase in Neighborhood Entrepreneurship

We next consider the average effect of receiving a new Starbucks on neighborhood
entrepreneurship. Moving from event studies into average effects allows us to use count data
regressions through Poisson specifications rather than linear models. Estimating both Poisson
and linear models also allows us to evaluate the extent to which some outlier census tracts may
be driving our results.

Table 3 column 1 reports a Poisson regression with rejected Starbucks. For this column, we
use the traditional Poisson two-way fixed effects estimator to allow us to incorporate two
treatments simultaneously: our main treatment—the opening of a Starbucks—and a placebo
treatment which is equal to 1 for the years after the rejected Starbucks was expected to open and
0 otherwise. The coefficient for actual Starbucks entry is positive and significant with a value of
0.087, while the one for the rejected Starbucks is noisy with a negative value. While the entry of
a Starbucks predicts more entrepreneurship, the mere expectation of entry does not.

Column 2 reports the extended Poisson two-way fixed effects. Here, and in all subsequent

columns, we focus on the average change in startups during the first seven years. The coefficient
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is 0.2 and significant at the 1% level, which suggests an 22.5% increase in the number of new
firms registered each year. Column 3 is the linear estimate. The coefficient estimates an
additional 5.7 firms per tract, implying an increase of a 18% increase in new firms, relative to the
mean.

Columns 4 and 5 compare treated tracts to all matched tracts without coffee shops. The
effects are more precise. The estimate for our linear specification represents an increase of 4.1%

Columns 6 and 7 exhibit estimates of the increase in startups following of the opening of a
Magic Johnson Starbucks. As in the event study, the effect is much larger for the Magic Johnson
cafés. We estimate an increase of 19% to 26.7% on average in the first seven years, or 5.8 to 7.2
firms, relative to the mean number of startups per tract, in this sample.

The remaining sections focus on understanding the mechanisms at play.

4.3 Neighborhoods with Prior Coffee Shops and with Coffee Shops other than Starbucks

Tables 4 and 5 begin to investigate whether the effect of Starbucks is the result of a networks
mechanism. Table 4 reports the change in entrepreneurship when Starbucks enters a
neighborhood that already has cafés and when cafés other than Starbucks enter a neighborhood.
We report both average effects and year-by-year effects, using extended Poisson two-way fixed
effects model following Wooldridge (2021). Column 1 presents coefficients for the effect of
opening a Starbucks among neighborhoods with no prior cafés—i.e., the same treatment as in the
prior section, using the sample where we include all matched tract-years with no coffee shops as
control. Column 2 considers neighborhoods with prior cafés. The differences are stark. Starbucks
does not increase neighborhood entrepreneurship among neighborhoods that had existing coffee
shops. The difference between the two columns is consistent with the benefit of Starbucks being
dependent on the local incidence of institutions and locals’ ability to form and sustain social
networks. By and large, the mode of entry for Starbucks is similar for the neighborhoods in
either column, as are their demographic characteristics (see Table 2). However, the effect of
Starbucks is different depending on whether local residents already have other locations that
serve as substitute establishments to socialize. If the Starbucks effect were only due to signaling,
we would not expect the presence of other coffee shops to matter.

Column 3 exhibits estimates for the change in new startups following the opening of a coffee

shop that is not a Starbucks, among neighborhoods with no prior cafés. Recall that during this
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period Starbucks was distinctively focused on creating a third place experience for
neighborhoods, while most other competing brands were not. Therefore, while the entry of a
coffee shop may still create the opportunity for social interaction, its effect should be smaller.
Indeed, we observe a smaller effect for coffee shops that are not Starbucks. When a coffee shop
opens that is not a Starbucks, the effect is 29% that of the Starbucks estimate.

It is useful to clarify the relationship between column 2 and column 3, since, because of
differences in their samples, they are not the inverse of each other. Column 2 focuses on
neighborhoods with one or more coffee shops. The average number of coffee shops in a tract that
Starbucks enters in this sample is 2.5, and 25% of tracts have 3 or more. Column 3 focuses on
tracts with no coffee shops, where treated tracts are receiving their first oneWhile Starbucks has
no positive effect when there are several other potential third places (2.5 coffee shops on
average), adding a single non-Starbucks coffee shop to a neighborhood with no coffee shops is
not enough to create the social infrastructure of those neighborhoods in column 2

We next compare the effect of Starbucks cafés to that of other companies that operate on
different models. We first consider Dunkin’ Donuts, the second largest coffee chain brand in the
U.S. and one which, in contrast to Starbucks, does not expressly seek to create a third place
experience. Dunkin’ also sells coffee, but many of its stores do not offer seating, and those that
do lack the lighting, amenities, and comfort level to encourage long stays. The business model
(“America runs on Dunkin’) encourages customers to run in, pick up their coffee, and
immediately head out. Figure 3 makes evident how different Dunkin’ and Starbucks are. Using
data from SafeGraph, a company offering geolocated data and visit information for U.S. points
of interest, we estimate the average number of hours that visitors remained in each establishment
for Dunkin’ and Starbucks, excluding visits that remained in the shop longer than 4 hours, as
those are likely employees. As the figure shows, people spend far more time at Starbucks than
Dunkin’ coffee shops. These differences motivate our empirical comparison.

We replicate our analysis by using our matching algorithm to create a sample of
neighborhoods that open a Dunkin’ and have no previous coffee shops and observably similar

neighborhoods that do not open one. Figure 5, Panel A, reports the event study for Dunkin’.!#

4 In performing the matching for Figure 5 for Panera, we found that the establishment of Panera had an
anticipation effect of two pre-periods. This can occur when our establishment data, from Infogroup, is slower to
update for certain specific establishments. We therefore include a two-period anticipation parameter for Panera and
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The effect is noisy and not significantly different from zero. While Dunkin’ also selects
promising neighborhoods, they do not offer a third place. If a network mechanism were driving
the result, then the effect of the opening of a Dunkin’ Donuts would indeed be close to zero.

We next turn our attention to Panera Bread. Born out of a company called St. Louis Bread
Company, Panera Bread experienced rapid growth in the 2000’s through its ‘fast-casual’
concept, offering a broader variety of options than Starbucks and therefore being closer to a sit-
down meal. Figure 4, comparing average visit length by location for Panera and Starbucks
establishments, shows that, in contrast to Dunkin’, Panera visitors spend more time per visit than
Starbucks’, increasing opportunities to socialize. Figure 5, Panel B reports an event study
replicating the matching for the opening of a Panera Bread establishment in a neighborhood with
no coffee shops. After a Panera Bread opens, there is a positive and persistent increase in total
entrepreneurship in that neighborhood. Altogether, these results suggest that the increase in
neighborhood entrepreneurship we document after the entry of a coffee shop is contingent on

whether the new coffee shop offers opportunities for people to socialize.

4.4 Selection of Starbucks Locations and Machine Learning Analysis

The argument of the previous section was that the effect of Starbucks on neighborhood
entrepreneurship occurs only on those neighborhoods that did not have a previous space for
socialization. In this section, we study this heterogeneity in more detail using machine learning.
For this analysis, we focus on a cross sectional version of our question that is amenable to
machine learning tools, rather then the panel data of the previous sections. We ask whether,
among those neighborhoods that did not have a Starbucks in the year 2000, there is a difference
in the 2010 entrepreneurship between those that had received a Starbucks by 2010 and those that
had not. We do not limit this sample based on whether there are other coffee shops in the
neighborhood so as to fully understand the process of neighborhood selection by Starbucks.

We obtained 4,512 neighborhood characteristics as recorded in the year 2000 by
downloading from the [IPUMS National Historical Geographic Information System (NGHIS) all
tract-level measures reported from the 2000 Decennial Census’s long-form survey. The long-

form census was administered to one out of every six households and includes questions on

retain the same for Dunkin’ for consistency. Our effect for Starbucks entry does not change if we include an
anticipation of two for Starbucks.
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income, occupation, home ownership, disability, and many others. Since our startup counts are
for 2010 tract definitions, we use the 2000 tract to 2010 tract correspondence provided by the
census and estimate values for each 2010 tract based on the percent area covered.!®> We randomly
split the final set of census tracts into a 60% training sample and a 40% estimation sample.

We report two analyses. The first characterizes the selection process: which neighborhood
characteristics predict a Starbucks will open? We estimate a gradient-boosted tree with cross-
validated parameters where the outcome is an indicator of whether the neighborhood received a
Starbucks by 2010 based on all 2000 census-based observables. The ROC score in the estimation
sample is 0.75: if asked to choose between two random neighborhoods, one where a Starbucks
opened and one where it did not, the model will identify the correct one 75% of the time.

Next, we predict, in our estimation sample, the probability of a Starbucks opening for each
neighborhood. Table A6 and A6 report the 50 features that have the most positive and most
negative correlation to this propensity score.!® Both tables highlight features consistent with
media portrayals and common intuition on the neighborhoods Starbucks would believe are
promising. The tract features that correlate positively include the number of residents in
managerial and professional jobs, the number in computer-related jobs, multiple measures
related to income (household income, aggregate income, income by gender), multiple measures
related to being young and a high-income earner, and counts of those recently migrating from
other MSAs. All of these are indicative of the bohemian bourgeois culture often associated with
Starbucks (Brooks, 2001; Florida, 2002). They confirm Starbucks mainly focused on affluent,
professional, middle, and upper-middle-class neighborhoods. The most negatively correlated
features also support this conclusion. They include measures of low income, such as low
mortgage payments and a higher share of residents below the poverty line, as well as having a
higher share of senior residents, and having a high percentage of residents who live in rural
areas.

Our first analysis examines the out of sample predicted probability of opening a Starbucks

from this model. In the first two columns of Table 5 we report a regression of the number of

15 For example, if census tract C in 2010 is accounted for, by area, 70% by the 2000 tract A and 30% by tract B,
each variable will take the value x2910,c = 0.7x2000, 4 X 0.3x2000, 5 -

16 An alternative approach could use feature importance scores, but these scores are highly sensitive to which
other features are included and our data has many highly overlapping variables (e.g., total income, and income by
each gender and race groups), rendering them uninformative.
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local coffee shops in 2000 on this probability. The coefficient is positive both with and without
county fixed effects. This result is consistent with Starbucks seeking larger markets, as having
cafés in the neighborhood would indicate it is a good market for coffee. But it is inconsistent
with selection driving our results. While Starbucks is less likely to select neighborhoods without
cafés, those are the neighborhoods where we find an effect of Starbucks on local
entrepreneurship.

Our second analysis examines treatment heterogeneity. Using our training sample, we
estimate a causal forest (Wager and Athey, 2018) in which the dependent variable is the number
of startups registered in 2010 in the tract, treatment is getting a Starbucks, and the controls all
neighborhood features from the 2000 census. We then predict the treatment effect for each
neighborhood in our estimation sample and divide each neighborhood’s effect by the average of
its 2000 and 2010 entrepreneurship to have an estimate of the proportional increase.!” We would
not claim these treatment effect estimates are valid point estimates that account for the
endogeneity in selection; instead, we posit that their correlation with other variables is indicative
of where the benefits of Starbucks for neighborhood entrepreneurship are higher. We document
two relationships in Table 5. One, columns 3, 4, and 5 report a negative correlation between the
number of cafés in the neighborhood and the estimated treatment effect: the more neighborhoods
the café has, the lower the predicted effect of Starbucks. Two, columns 6 and 7 report a negative
correlation between the propensity to be treated, which was estimated independently through the
gradient-boosted tree, and the neighborhood’s treatment effect: the neighborhoods in which
Starbucks is likely to open are not those where it has the largest impact on entrepreneurship.

Bringing these results together, we find evidence that Starbucks opens exactly in those
neighborhoods that have been associated with its image of high income, educated, young
consumers. However, those neighborhoods are not where Starbucks entry is followed by higher
entrepreneurship; instead, neighborhoods that have a low incidence of socialization spaces and
where the addition of a Starbucks may create the most significant change on the local options

available to residents.

17 This approach is equivalent to the proportional growth measures used by Davis, Haltiwanger, Schuh (1993)
and Decker et al (2014) for firm employment, and avoids biasing growth estimates toward smaller neighborhoods.
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4.5 Additional Evidence for Social Networks Mechanisms Using Geolocated Data

In this section, we investigate heterogeneity across some features of Starbucks cafés to ask
whether those Starbucks cafés that are set up to create more social interaction produce larger
effects. To do so, we use the 2019 monthly patterns data from SafeGraph. These data use
smartphone information to track the number of visitors from census block groups to specific
point-of-interests, such as cafés, as long as SafeGraph observes see four visitors in a month. We
develop two measures: the number of visitors in 2019 (adjusted for differences in how well
SafeGraph covers each state), and the size of the lot (in square meters) in which each Starbucks
is located, which is estimated using satellite images. These two measures are imperfect proxies
for the volume of social interactions produced by a given café, but each offers distinct
advantages. The number of visitors a café receives over the course of a year directly reflects the
potential to form social networks. However, this measure runs the risk of bias because our
SafeGraph data are for 2019, which is many years after the Starbucks openings occurred. It is
possible that the high levels of socialization we observe in each café may be the result of
previous success in the neighborhood brought along by earlier entrepreneurship.

The size of the lot, in contrast, is less likely to be biased, because the specific lot size does
not typically change over time in most Starbucks locations. However, the square footage of a
Starbucks is a less direct measure of the opportunity to form social networks as compared to
actual visits. In addition, because lots can be shared with other establishments (e.g., with hotels),
the analysis must focus only on the subsample of lots that can be measured independently in
SafeGraph.'® In spite of these differences, the measures are highly correlated, as shown in
Appendix Figure A4.

Panel A of Figure 6 studies visitor foot traffic. We split the locations by the estimated visits
received during 2019 into quartiles and run a Poisson regression. We use a traditional two-way
fixed effects estimator because it allows us to consider all treatments simultaneously and use the
same control group for all specifications, making the estimates agnostic to the size of each tract.

Consistent with a network story, a higher level of traffic matters for our effects. Starbucks cafés

18 In the SafeGraph dataset, the variable is polygon_class. We limit our analysis only to the polygon being
“OWNED_POLYGON?” rather than “SHARED POLY GON”; 73% of Starbucks locations are owned polygon.
SafeGraph also estimates the polygon size synthetically in some cases, but 97% of Starbucks locations are not
synthetic.
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with below-median traffic in 2019 have about a third of the effect as those with above-median
traffic.

We next examine establishment size. We divide Starbucks locations into four natural groups.
Those that are very small (less than 50 m?) and almost always exist in a physical structure with
other shops (e.g., in malls, airports, or Target stores), small locations (between 50 and 200 m?),
medium locations (between 200 and 500 m?), large locations (over 500 m?). The results in Panel
B show an increasing relationship between the square footage of a Starbucks and new firm
formation. The null effect on small locations in malls also suggests that the co-opening of a
Starbucks together with other establishments (e.g., other stores in a mall) is not a main
determinant of our effect.

In short, it is precisely those establishments that offer the features conducive to an effective
third place, such as opportunities for a high level of local interaction and the open space to do so,
paired with a large number of visitors, for which we see large increases in neighborhood

entrepreneurship following their opening.

4.6 Differences in Startup Industry: Retail, Food, and Real Estate

We provide further evidence on the mechanisms by studying the industry of the startups
formed. As Magic Johnson noted, Starbucks could serve as “the anchor to attract other
businesses” to a neighborhood. In this case, the presence of Starbucks would serve as a catalyst for
the neighborhood’s local economy. Then, the benefits we document would be economically
important but related to signaling effects from Starbucks’ opening. These signaling effects are
likely to be most relevant to three sectors, retail, food, and real estate.

We identify a startup’s sector by following the approach documented in Engelberg et al.
(2021; see Appendix B in their paper), building from Guzman and Stern (2020); we use the name
of firms to categorize startups as belonging to a NAICS industry sector if they have a word that
is ten times more likely to be used by a firm in this sector than elsewhere, and if it is not one of
the most common 300 words. In Table 6 column 1, we report the effect for all startups for which
we can categorize into any industry, for comparability and completeness. Columns 2 to 4 focus
on specific sectors. Columns 2 reports the effect for firms in retail, which we consider as any
firm belonging to sectors 44-45 (Retail Trade), and 72 (Accommodations and Food). The retail

sector could benefit from the presence of Starbucks due to additional foot traffic and because
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Starbucks offers an amenity for shoppers. However, the estimate, 0.081, is slightly smaller, than
column 1-. Column 3 repeats the same analysis only for food establishments since coffee
consumption may be particularly complementary to food. -

Next, we consider whether the opening of Starbucks might have increased real estate prices.
While real estate professionals have found a positive association between the presence of a
Starbucks and real estate prices (e.g., Anderson 2015; Humphries and Rascoff, 2015), evidence
in economics is more measured. In their systematic analysis of U.S. neighborhood amenities and
real estate prices, Glaeser, Kim, and Luca (2018a, 2018b) find that the presence of Starbucks
only minimally explains differences in real estate prices: “[the Starbucks effect is a] large effect,
both economically and statistically, but the added explanatory power created by the Starbucks
control is modest. [...] The r-squared added by controlling for Starbucks, over and above the
year dummies, is only .002 [...]” (Glaeser, Kim, and Luca 2018b: p. 7). In addition, they find
that “the presence of Starbucks is associated with price growth, but Starbucks presence is hardly
a great predictor of which areas will grow” (Glaeser, Kim, and Luca 2018b: p. 7). Instead, in
results that are parallel to what we find in Section 4.5, they find the activity of a Starbucks (in
their case, visits proxied by Yelp reviews) is what predicts an increase in real estate prices.

To study the effect of Starbucks on real estate in our data, we consider in column 4 the
startups associated with sector 53 (Real Estate and Rental and Leasing) under the assumption
that a growing real estate market should also experience an increase in local real estate startups,
such as leasing offices and real estate agents. The coefficient is positive, though smaller than our
main effect, 0.064.

Our evidence on the whole suggests that a signaling mechanism may play a role as well.

4.7 The Effect of Free Wifi at Starbucks

Next, we consider the role of Starbucks in providing a convenient place to do remote
independent work. By having food, wifi, bathrooms, and comfortable seating, Starbucks can
make it easier for some entrepreneurs to work on their firms. We focus our analysis on
differences in the quality of wifi at Starbucks under the assumption that good wifi is critical for
most remote work. The quality of wifi available at Starbucks evolved over time. Before 2002, the
company did not offer any wifi. From 2002 to 2008, it offered paid wifi. From 2008 to 2010, it

offered two hours of free wifi only to Starbucks Rewards members. After 2010, unlimited wifi
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began (see Starbucks, 2024). Table 7 repeats our analysis of all neighborhoods, but limits to the
subsample of years before the adoption of unlimited wifi."”

We estimate the effect of the first Starbucks opening on neighborhood entrepreneurship,
separately by the wireless internet (wifi) regime in place at the time the Starbucks opened. We
split treated tracts into cohorts based on the year their first Starbucks opened: (i) before 2002 (no
wifi), (i1) 2002-2007 (paid wifi), and (ii1) 2008—-2009 (limited free wifi for Rewards members).
For each cohort, the control group consists of not-yet-treated tracts—tracts that have not opened
a Starbucks by a given year (including tracts that may open one later). We include all available
pre-treatment years in the panel, and we restrict the sample to calendar years up to the end of
each wifi regime so that post-treatment outcomes are measured under the same wifi environment.
The estimates indicate that the entrepreneurship increase following a first Starbucks opening is
already present prior to the introduction of unlimited free wifi. In particular, we find large and
statistically significant effects for openings in 2002—2007 (paid wifi) and 2008-2009 (limited
free wifi for Rewards members). These estimates are also larger than the overall ATT reported in
Table 3. Overall, the pattern is consistent with mechanisms that do not rely on unlimited free
wifi—such as Starbucks functioning as a local social hub or “third place”. Whether they are
larger because these years represent the height of popularity of Starbucks as a social hub (and
hence creating even more substantial socialization opportunities), or for another reason, may be a

question to study in future work.

4.8 Heterogeneous Effects across Growth Orientation

We now assess the type of entrepreneurship stimulated and its potential for economic impact.
It is possible that the Starbucks cafés mostly increase low-tech businesses, which have lower
economic multipliers (i.e., additional jobs created).?! On the other hand, given the high
importance that face-to-face interaction and social networks play in innovation and high-growth
firms (Stuart and Sorenson 2007; Catalini et al. 2022), it is also possible that the effect is larger

for more innovative firms.

19 We report the linear estimates because the Poisson estimator, which uses maximum likelihood, will not allow
us to have a comparable sample across regressions as it will drop different census tracts depending on the years.

21 Bartik (2020) estimates that while the average U.S. job has an economic employment multiplier between 1.3
and 1.7, high-tech jobs can have as high as 2.5 or 3.
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Our starting point is a distinction in the entrepreneurship literature between two types of
firms. One, the majority of firms, is those small businesses that, even if important for
neighborhoods or their owners, tend to remain small and are unlikely to create significant
employment or productivity growth. The other has been called high-growth (Guzman and Stern
2020), innovation-driven (Botello et al. 2023), or transformational entrepreneurship (Schoar
2010), and represents those firms that introduce innovative ideas into the market, create traded
goods across regions, and have outsize outcomes that drive economic growth.?? Recent work has
shown that a firm’s potential for high growth is partly predictable from its business registration
information. For example, firms that are likely to grow will register as Delaware corporations,
since Delaware’s jurisdiction and legal form allow complex financing contracts and appropriate
governance (Guzman and Stern, 2020). In this section, we take advantage of these registration
characteristics to evaluate whether Starbucks cafés contribute to high-growth entrepreneurship.

Column 1 of Table 8 reproduces our estimate for all firms, for ease of comparison.
Column 2 focuses on corporations, excluding LLCs and limited partnerships. Corporations are
more growth-oriented and lend themselves to better corporate governance. The effect is larger
than our main effect, implying an increase of 9.2% in the number of new corporations per year in
the tract. Column 3 focuses on firms under Delaware jurisdiction. The effect is not significant,
suggesting the effect of Starbucks as a third place is more prominent for local, rather than high-
growth, entrepreneurship. Column 4 focuses on firms whose name is associated with high
technology. Because the lexicon used in their names was the main classification mechanism,
these firms are not necessarily growth-oriented, and can also include many small businesses,
such as local-technology consulting or home-based web development firms. The effect is
positive but smaller, at 4.6%.

We conclude that the effects we document also benefit high-growth entrepreneurship.?

4.9 Other Types of Third Places
As a final analysis, we expand our approach to consider the coffee shop effect relative to
that of other potential social establishments. Table 9 has the same format as Table 4 but

considers the opening of two other types of food establishments, bars and restaurants. We do not

22 While the precise definition of high-growth entrepreneurs and incidence depends on the measure, estimates in
Guzman and Stern (2020) place the number below 5% of firm registrations.
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see a positive impact of bars on local entrepreneurship. This effect is different from the historical
work in Andrews (2019), which was based on entrepreneurship during Prohibition. We speculate
that one possibility is that the social structure of the U.S.—and the use of third places—has
changed in a few ways between the two periods. In particular, whereas historically bars in the
U.S. used to be venues for highly-organized social activity where multiple social movements and
civil rights actions began, today those activities may be less common in U.S. bars relative to
purely social drink. In this respect, they may lack the continued social significance that, say,
British pubs appear to maintain. The effect of restaurants, in contrast, is positive. This finding is
also consistent with a network benefit mechanism, as sharing meals over business activities is a

common practice.

5. Conclusion

Networks are important for economic activity, including entrepreneurship. Yet, the ability to
form networks is mediated by space. We present evidence that the introduction of a new
Starbucks café, intended to create a “third place” for community interaction, increased
entrepreneurship in U.S. neighborhoods. These effects are consistent with a network mechanism.
They are limited to neighborhoods without prior coffee shops, and do not occur with other large
coffee chains that do not offer a third place experience. The effects are larger for Starbucks with
more visits and with a higher square footage. They decrease quickly with distance.

It is important to recognize that our estimates incorporate the full “causal pathway” of the
impact of Starbucks on local activity—they estimate the change in startup formation after a
Starbucks opens. However, there are several ways through which new third spaces promote
networks and subsequent entrepreneurship. For example, a Starbucks café can both influence the
behavior of current residents and attract new ones to the neighborhood, simultaneously
strengthening and diversifying its social fabric. These interactions can promote entrepreneurship
directly but also increase the local incidence of supporting organizations such as banks, credit
unions, and community development organizations, or the way artistic activities take place in a
neighborhood (e.g., see Jeong 2023). A clear understanding of how space shapes local business

activity, including improving underserved neighborhoods, requires far more investigation.
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Table 1: Summary Statistics by Tract-Years

Statistic N Mean Median St. Dev.
Third Places

Gets First Starbucks—No Prior Café 1,357,664 0.026 0 0.158
Gets First Starbucks—Has Prior Café 1,357,664 0.078 0 0.267
Gets First Café—No Prior Café 1,357,664 0.280 0 0.449
Gets First Bar—No Prior Bar 1,357,664 0.154 0 0.361
Gets First Restaurant—No Prior Restaurant 1,357,664 0.116 0 0.320
Neighborhood Entrepreneurship

Number of Startups 1,353,598 20.942 12 33.612
Number of Corporations 1,353,321 7.945 4 14.972
Number of Delaware Companies 1,353,321 0.341 0 3.141
Number of High Tech Companies 1,353,321 0.654 0 1.400
Neighborhood Characteristics

Population 1,357,664  3,905.756  3,713.243  1,818.201
Population Density (per sq. km) 1,357,626  1,992.738 749.966 4,888.116

Note: We report summary statistics for census tract-year observations spanning from 1997 to 2016. There are
1,357,664 observations in our data. Our analyses focuses only on tracts without previous coffee shops. Detailed
definitions of each measure are presented in Section 2.
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Table 4: Increase in Neighborhood Entrepreneurship after the Opening of a Starbucks Café for Other Types of Tracts

Gets First Starbucks—No Prior Café

Gets First Starbucks—Has Prior Café

Gets First Café

A. Extended TWFE Model

Post Third Place 0.085%** -0.058%** 0.023%**
(0.012) (0.012) (0.006)
Num.Obs. 112803 330897 1109885
B. Year-by-Year Marginal Effects from Extended TWFE
Post 0 Years 0.072%%* -0.010 0.031%**
(0.010) (0.008) (0.004)
Post 1 Years 0.089%** -0.022* 0.032%**
(0.011) (0.009) (0.004)
Post 2 Years 0.077%** -0.031°%* 0.032%**
(0.011) (0.010) (0.004)
Post 3 Years 0.088*** -0.040%** 0.034***
(0.014) (0.011) (0.005)
Post 4 Years 0.090%** -0.042%** 0.029%**
(0.013) (0.012) (0.005)
Post 5 Years 0.085%** -0.047%%* 0.037%%*
(0.014) (0.013) (0.006)
Post 6 Years 0.091%** -0.046** 0.036***
(0.015) (0.015) (0.006)
Post 7 Years 0.090%** -0.048** 0.035%**
(0.016) (0.015) (0.007)
Num.Obs. 112803 330897 1109885

Note: We report estimates from Poisson extended two-way fixed effects regressions on neighborhood entrepreneurship
after the opening of a Starbucks. Panel A, reports the average marginal effect comparing to not-yet-treated over the first
seven years after treatment. Panel B reports independent marginal effects by year since treatment. Column 1 presents
the effect of the first Starbucks in neighborhoods previously devoid of cafés; Column 2, the effect in neighborhoods that
already had cafés. Column 3 exhibits the effects of the first instances of a café in the neighborhood. Standard errors
clustered at the county level in parenthesis. Significance levels are indicated as follows: + p < 0.1, * p < 0.05, ** p <

0.01, *** p < 0.001.



Table 5: Heterogeneity in the Benefit of Starbuck Entry, by Probability of Starbucks Entry

(1) (2) 3) (4) (5) (6) (7)
P(Starbucks Opens)  Estimated Neighborhood Benefit of Starbucks (Causal Forest)

Number of Cafés in 2000 0.021*** 0.021%*%*  —0.417%%*  —(.472%**
(0.003)  (0.002)  (0.048) (0.050)

Indicators of Number of Cafés in 2000

1 Café _(0.599%%*
(0.073)
2 Cafés —0.865%**
(0.128)
More than 2 Cafés —0.917#**
(0.218)
Propensity Score
P(Starbucks Opens) —2.51 7
(0.254)
Quintiles of Propensity Score
20-40th Percentile —0.674%%*
(0.087)
40-60th Percentile 1.104%%*
(0.139)
60-80th Percentile —1.443%%*
(0.141)
80-100th Percentile —1.6417%%*
(0.125)
County Fixed Effects No Yes No Yes No No No
Num.Obs. 25580 25580 25580 25580 25580 25580 25580
R? 0.006 0.237 0.004 0.288 0.004 0.009 0.022

Note: OLS regression. This table uses predictions from machine learning methods to learn about treatment hetero-
geneity. The sample is all census tracts that did not have a Starbucks in 2000, which we divide into a random 60%
training sample and 40% estimation sample. Reported regressions are all in the estimation sample. Columns 1 and 2
use the probability of getting a Starbucks by 2010 as the dependent variable. We estimate this probability by running,
in the training sample, a gradient-boosted tree that uses 4512 census tract characteristics available from the 2000 long
form Decennial census and then predicting this value in the estimation sample. Columns 3 through 7 are estimates
of individual benefits of Starbucks, which we obtain by running, in our training sample, a causal forest model (Wager
and Athey, 2018) with the number of startups in 2010 as the dependent variable, getting a Starbucks as treatment,
and tract observables as controls. We do not claim the estimates from the causal forest are valid point estimates of
the effect; our goal is only to study how they correlate to other observables to elucidate our mechanism. Standard
errors, clustered at the county level, in parenthesis. Significance levels are indicated as follows: * p < 0.05, ** p <
0.01, *** p < 0.001



Table 6: Effect of Introducing a Starbucks Coffee Shop on Entrepreneurship, by Industry of
Firms

0 ) ) (@
Number of Number of Number of
Retail Food Realty
Startups Startups Startups

Gets First Starbucks- No Prior Café  0.085%** 0.081*** 0.097*** 0.064***
(0.012) (0.020) (0.019) (0.018)
Num. Obs. 112803 109440 109440 109440

Number of
Startups

Note: The unit of analysis is the tract-year. The table presents difference-in-differences
estimates of the effect of introducing a Starbucks coffee shop on the formation startups in
various industries. All columns display estimates from Poisson regression models with two-
way fixed effects for both census tract and year, by different types of industries classified
by the North American Industry Classification System two-digit sector codes. ’'Food’ is
categorized under NAICS code 72. 'Retail’ encompasses NAICS codes 44, 45, and 72, with
the inclusion of code 72 for food businesses, which are typically regarded as local small
businesses. 'Realty’ corresponds to NAICS code 53. Standard errors clustered at the county
level in parenthesis. Significance levels are indicated as follows: + p < 0.1, * p < 0.05, **
p < 0.01, *** p < 0.001.

Table 7: Increase in Neighborhood Entrepreneurship Before Free Unlimited Wifi

(1) (2) (3)
Callaway& Sant’Anna Callaway& Sant’Anna Callaway& Sant’Anna
First Starbucks Opening First Starbucks Opening First Starbucks Opening

Before 2002 Between 2002-2007 Between 2008-2009
Gets First Starbucks
- No Prior Café 0.514 1.393** 1.783**
(0.350) (0.431) (0.612)
Num.Obs. 23748 56270 43992

Note: The table reports the estimates during the period before Starbucks offered unlimited free wifi. The
quality of wifi available at Starbucks evolved over time. Before 2002, they did not offer any wifi. From
2002 to 2008, they offered paid wifi. From 2008 to 2010, it was two hours of free wifi only to Starbucks
Rewards members. After 2010, unlimited wifi began. Standard errors clustered at the county level in
parenthesis. Callaway and Sant’Anna estimator in sample of all tracts. Significance levels are indicated
as follows: + p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001.

Table 8: Effect of Introducing a Starbucks Coffee Shop on Entrepreneurship, by Type of Firm

(1) (2) (3) (4)

Number of  Number of Number Number
Startups ~ Corporations under Delaware High Tech
Gets First Starbucks—No Prior Café  0.085%** 0.088*** 0.024 0.045%*
(0.012) (0.014) (0.037) (0.020)
Num.Obs. 112803 112765 112747 112765

Note: The unit of analysis is the tract-year. This table presents difference-in-difference estimates
of the effect of introducing an establishment on entrepreneurship in subsequent years, with two-way
fixed effects for county and year. Column (1) reproduces results from the preferred model from
Table 1. Columns (2) to (4) report the effects on the establishments of corporations, Delaware-
registered firms, and technology companies, respectively. Standard errors clustered at the county
level in parenthesis. Significance levels are indicated as follows: + p < 0.1, * p < 0.05, ** p < 0.01,
*** p < 0.001.



Table 9: The Effect of Other Third Places on Neighborhood Entrepreneurship

Gets First Bar —No Prior Bar

Gets First Restaurant —No Prior Restaurant

A. Extended TWFE Model

Post Third Place -0.055*** 0.077+
(0.010) (0.045)
Num.Obs. 317184 88221
B. Year-by-Year Marginal Effects from Extended TWFE
Post 0 Years 0.000 0.063**
(0.005) (0.024)
Post 1 Years -0.010+ 0.077*
(0.006) (0.030)
Post 2 Years -0.014* 0.078*
(0.006) (0.039)
Post 3 Years -0.018%* 0.080*
(0.007) (0.037)
Post 4 Years -0.023%* 0.084*
(0.008) (0.043)
Post 5 Years -0.025** 0.089*
(0.009) (0.045)
Post 6 Years -0.037*** 0.091+
(0.010) (0.050)
Post 7 Years -0.046*** 0.082+
(0.011) (0.048)
Num.Obs. 317184 88221

Note: This table presents results from difference-in-differences regressions across different types of
potential third places. Panel A reports the extended two-way fixed effect estimator, reporting the

average marginal effect compared to not-yet-treated tracts.

Panel B reports independent marginal

effects by year of treatment for the extended TWFE model. Column (1) examines the effect of the
first bar in neighborhoods previously devoid of bars; column (2), of a first restaurant in neighborhoods
previously lacking restaurants. Standard errors clustered at the county level in parenthesis. Significance
levels are indicated as follows: + p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001.
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Note: The figure reports the number of census tracts that received their first coffee
shop that was also a Starbucks by year.



Figure 2: Event Studies of the Effect of Starbucks Entry on the Number of Startups Founded by Neighborhood

A. Treated vs Rejected Starbucks Tracts
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C. Treated vs Matched Magic Johnson Starbucks Tracts
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Note: This figure shows the impact over time of the entry of the first
Starbucks into census tracts that previously did not have coffee shops,
using each of analytical samples defined in section 2. 95 percent confi-
dence intervals are reported. Panel A compares census tracts that re-
ceived a Starbucks café to those initially targeted by Starbucks for en-
try but ultimately rejected for reasons external to the company. Panel
B compares tracts that received their first Starbucks café to propensity
score matched tracts that remained without a Starbucks café for our
study period. Panel C compares tracts that received a Magic John-
son Starbucks café to those that were propensity matched and did
not but that where matched to resemble the distribution of treated
tract closely through a matching procedure. Each figure reports the
marginal effects employing the difference-in-differences methodology
as per Callaway and Sant’Anna (2021).
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Figure 3: Average Length of Visit for Starbucks Establishments versus Dunkin

0.15 _
2
£0.10 || bunkin
c
8 . Starbucks
0.05
0.00

10 20 30
Average number of minutes per visit

Note : We use SafeGraph data for the month of March 2019 to estimate the
average duration of visits to each Starbucks location compared to Dunkin’ (also
known as Dunkin’ Donuts), and plot the density of this duration. SafeGraph
provides count of visits for five groups: < 5 mins, 5-20 mins, 21-60 mins, 60-240
mins, and > 240 mins. We remove all visits that are longer than 240 minutes since
they are most likely to be workers rather than clients. For each bin, we assume
the duration follows a Poisson distribution and estimate the expected time using
the geometric mean of the range. We then estimate the average visit length per
establishment as the mean expected time weighted by the number of visits per

group.

Figure 4: Average Length of Visit for Starbucks Establishments versus Panera Bread
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Note : We use SafeGraph data for the month of March 2019 to estimate the
average duration of visits to each Starbucks location compared to Panera Bread,
and plot the density of this duration. SafeGraph provides count of visits for five
groups: < 5 mins, 5-20 mins, 21-60 mins, 60-240 mins, and > 240 mins. We
remove all visits that are longer than 240 minutes since they are most likely to
be workers rather than clients. For each bin, we assume the duration follows a
Poisson distribution and estimate the expected time using the geometric mean of
the range. We then estimate the average visit length per establishment as the
mean expected time weighted by the number of visits per group.



Figure 5: Event Studies of the Effect of Other Coffee Shop Entries on the Number of Startups Founded by

Neighborhood
A. Dunkin’
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Note: This figure shows the impact over time of the entry of Panera Bread and
Dunkin Donuts into census tracts that previously did not have these chains, us-
ing analytical samples defined in section 2. Each panel compares treated tracts
to propensity score matched tracts that remained without the given coffee chain
for our study period. Each figure reports the marginal effects employing the
difference-in-differences approach proposed by Callaway and Sant’Anna (2021). In
these analyses, we set the anticipation window to 2 periods, meaning that the two
periods immediately preceding entry are excluded from the control group. This
adjustment accounts for the possibility that census tracts may begin to change
outcomes in advance of a chain’s actual entry (for example, due to early announce-

ments, construction, or community anticipation).



Figure 6: Heterogeneous Effects Depending on Visitor Foot Traffic and Store Size

A. Differences in Establishment Traffic
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B. Differences in Establishment Size
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Note: These figures show the differential treatment effects of the first Star-
bucks entry on neighborhood entrepreneurship, segmented by the establish-
ment’s foot traffic and size. In Panel A, the analysis is based on the differ-
entiation in foot traffic at Starbucks locations, whereas Panel B focuses on
variations in store square footage.



Appendix



Table Al: Summary Statistics of a Panel of Neighborhoods that Accepted or Rejected Starbucks Entry

Panel A: Census Tracts that Rejected Starbucks Entry

Statistic N Mean Median St. Dev.
Third Places

Gets First Starbucks—No Prior Café 418 0.043 0 0.203
Gets Starbucks Rejection 418 0.232 0 0.423
Neighborhood Entrepreneurship

Number of Startups 418 61.067 26 114.105
Neighborhood Characteristics

Population 418  4,039.776  4,179.354  1,513.026
Population Density (per sq. km) 418  2,502.866  1,212.397  3,125.355

Panel B: Treated Census Tracts

Statistic N Mean Median St. Dev.
Third Places

Gets First Starbucks—No Prior Café 67,738 0.612 1 0.487
Neighborhood Entrepreneurship

Number of Startups 67,738 34.525 23 45.092
Neighborhood Characteristics

Population 67,738  4,064.390  3,892.293  2,020.255
Population Density (per sq. km) 67,738  2,104.284 970.054 4,755.367

Note: This table reports measures from tract-years spanning 1998 to 2020. Detailed variable definitions are
presented in section 2. Number of Startups is sourced from the Startup Cartography Project. Rows under "Neigh-
borhood Characteristics" presents population characteristics of the neighborhoods. The population data is from the
IPUMS NHGIS. Population density is calculated by dividing the population by the land area of the respective tract.



Table A2: Summary Statistics of Neighborhoods by Magic Johnson Starbucks Introduction

Panel A: Magic Johnson Starbucks Census Tracts

Statistic N Mean Median St. Dev.
Third Places
Gets Magic Johnson Starbucks 1,428 0.398 0 0.490
Neighborhood Entrepreneurship
Number of Startups 1,428 24.749 10 40.024
Neighborhood Characteristics
Population 1,407  4,388.113  4,089.021  1,725.067
Population Density (per sq. km) 1,407  5,600.762  4,155.287  5,670.808
Percent Black 1,407 0.317 0.212 0.295
Panel B: Control Census Tracts
Statistic N Mean Median St. Dev.
Neighborhood Entrepreneurship
Number of Startups 104,517 16.347 7 31.632
Neighborhood Characteristics
Population 104,517  3,995.729  3,706.250 1,870.941
Population Density (per sq. km) 104,517  6,920.009  4,087.361 10,371.210
Percent Black 104,517 0.352 0.246 0.293

Note: This table reports metrics from tract-years spanning 1990 to 2010, with 105,945 pairs in our dataset.
Detailed metric definitions are in section 2. Number of Startups is sourced from the Startup Cartography Project.
Rows under "Neighborhood Characteristics" presents population characteristics of the neighborhoods. The popula-
tion data is from the IPUMS NHGIS, including 1991-1999 linear projections. Population density is calculated by
dividing the population by the land area of the respective tract. Percent Black reports ratio of black residents in the
tract, sourced from the 1994-2018 ZIP Codes Business Patterns (ZBP) and the HUD 2012 Q3 Crosswalk File.



Table A3: A List of Planned but Rejected Starbucks Locations

State  City Census Tract Planned Address Rejection Year
MT  Missoula MT 063 000800 US-93 & S Reserve StMissoula, MT 59801 2005
IL Normal IL 113 000301 816 Osage St, Normal, IL 61761 2007
PA Langhorne PA 017 106100 E Maple Ave & S Pine St, Langhorne, PA 19047 2007
CT Hartford CT 003 504200 495 Farmington Ave, Hartford, CT 06105 2008
OH Fairborn OH_057 200900 675 E Dayton Yellow Springs Rd, Fairborn, OH 45324  2008*
WA Yakima WA 077 000100 202 E Yakima AveYakima, WA 98901 2012*
IL Palatine IL 031 803701 231 W Northwest Hwy, Palatine, IL 60067 2012*
CA San Francisco CA 075 020300 2201 Market StSan Francisco, CA 94114 2013
MI Grand Rapids MI 081 002100 421 Michigan St NEGrand Rapids, MI 49503 2013*
ID Boise ID 001 000100 215 S Broadway Ave, Boise, ID 83712 2013*
CA Berkeley CA 001 423902 3001 Telegraph AveBerkeley, CA 94705 2014*
D¢ Longview TX 183 000502 W Marshall Ave & N Spur 63, Longview, TX 75601 2019
TX San Antonio TX 029 130700 2607 I-35 Frontage Rd, San Antonio, TX 78208 2020

Note: This table lists Starbucks locations that were proposed but ultimately rejected due to non-economic factors
such as denials by local architectural boards, zoning board rejections, and community resistance.
Year” column indicates neighborhoods that initially rejected Starbucks but did eventually receive a Starbucks, albeit
at varying intervals. For instance, Berkeley, Boise, Palatine, and Yakima opened locations soon after their initial
rejections, whereas Grand Rapids and Fairborn opened locations more than five years later.
variations, we employ different sample specifications: (1) using the rejection year for all neighborhoods, (2) excluding
all neighborhoods that eventually received a Starbucks, and (3) excluding neighborhoods only after they have actually
opened a Starbucks (thus accounting for the period between rejection and store opening).

in the “Rejection

Recognizing these



Table A4: A List of All Magic Johnson Starbucks Locations

Magic Johnson Starbucks State City Open Address
Location Year
Camp Wisdom & Highway TX Dallas 2001 3431 West Camp Wisdom Road in Oak Cliff
67
Loop 610 & I-45 TX Houston 2005 1450 GULFGATE CENTER MALL
Rainier & Edmonds WA Seattle 1999 4824 Rainier Ave. S.
Martin Luther King Way WA Seattle 2000 2921 Martin Luther King Way
Atlantic & Florence CA Bell 2004 7121 Atlantic Ave
Western & Slauson CA Los Angeles 2002 1850 W. Slauson Avenue. Los Angeles, CA.
90047
Avalon & Dominguez CA Carson 2003 20810 Avalon Boulevard. Carson, CA. 90746
Wilmington & 119th CA Los Angeles 2004 11864 Wilmington Ave, Los Angeles, CA
90059
Atlantic & Washington CA Commerce 2003 5201 E. Washington Blvd. Commerce, CA.
90040
Wilshire & Union CA Los Angeles 2003 1601 Wilshire Blvd. Los Angeles, CA. 90010
Donohue & East Bay Shore CA East Palo Alto 2003 1745 East Bayshore Blvd. palo Alto CA
Atlantic & Imperial CA Lynwood 2003 10925 Atlantic Avenue. Lynwood, CA.
Artesia & Western CA Gardena 2007 1759 W Aretsia
Broadway & 8th Street CA Oakland 2004 801 BROADWAY
Gardena Valley Center CA Gardena 2003 1258 W REDONDO
Fruitvale Station CA Oakland 1999 3060A E 9th StFruitvale Station
Hawthorne & El Segundo CA Hawthorne 2002 12770 Hawthorne Blvd
Blvd
Fair Oaks & Orange Grove CA Pasadena 2002 671 N. Fair Oaks Avenue Fair Oaks
Renaissance Plaza Pasadena, CA 91103.
Pacific & Belgrave CA Huntington 2004 6021 Pacific Blvd.Huntington Park, CA
Park 90255
Richmond & San Pablo CA Richmond 2004 15521 San Pablo Avenue Vista Del Mar
Center Richmond, CA 94806
Hollywood Park CA Inglewood 2004 3351 W Century BLVD
Marketplace
Euclid & Federal CA San Diego 2004 1722 Euclid Ave
La Brea & Centinela CA Inglewood 2004 941 N. La Brea Avenue La Brea Plaza
Inglewood, CA 90302
Fairmount and University CA San Diego 2001 3895 Fairmount Avenue City Heights Village
Shopping Center San Diego, CA 92105
Baseline & Riverside CA Inland Empire 2004 120 W Base Line Rd
Sweetwater and the 805 CA San Diego 2001 1860 Sweetwater Road A-1 National City,
CA 919507660
Plaza & Grove CA San Diego 2003 2230 E Plaza Blvd, National City, CA 91950
Long Beach and Willow CA Long Beach 2001 141 E WILLOW ST
Fillmore & O’Farrell CA San Francisco 2004 1501 Fillmore Street The Fillmore Center
San Francisco, CA 94115
Compton & Alameda CA Los Angeles 2004 101 E Compton Blvd, Compton, CA 90220
Sony Metreon CA San Francisco 1997 120 4th St
Crenshaw & Coliseum CA Los Angeles 2006 3722 Crenshaw Blvd.The Coliseum Center
Los Angeles, CA 90016
San Pablo Dam & San CA San Pablo 2010 2415 San Pablo Dam Rd # 108, San Pablo,
Pablo CA 94806
Eastern & Florence CA Los Angeles 2004 7000 Eastern Ave # F
Hoover & Jefferson CA Los Angeles 2000 3303 S. Hoover Street. A-2. Los Angeles,
California 90007
Firestone & Garfield CA Southgate 2002 8622 Garfield Ave
Ladera Center CA Los Angeles 1998 5301 W Centinela Blvd. Ladera Center. Los
Angeles, CA 90189
Firestone & Long Beach CA Southgate 2004 8924 Long Beach Blvd.South Gate, CA 90280
LaBrea & San Vicente CA Los Angeles 1999 1250 S La Brea Ave, Los Angeles, CA 90019
Tweedy & Otis CA Southgate 2004 4181 Tweedy Blvd. Southgate, California
90280
Slauson & I-5 CA Los Angeles 2005 7724 Telegraph Road Los Angeles, CA 90040
Sherman Way & Sepulveda CA Van Nuys 2004 15355 Sherman Way, Van Nuys, CA 91406
29th & Quebec CO Denver 2003 7304 E. 29th Ave Denver, CO 80238
Colfax & Kalamath CcO Denver 2003 1050 W Colfax Ave in Denver, Colorado
802042072
Colfax & Chambers CO Denver 2003 15290 E Colfax Ave, Aurora, CO 80011
Midtown Center (56th & WI Milwaukee 2004 5610 W Capitol Dr, Milwaukee, WI 53216
Capitol)
47th and Cicero IL Chicago 2000 4701 South Cicero Avenue Chicago, IL 60632.
71lst & Stony Island IL Chicago 2004 7101 S Stony Island Ave Chicago, IL 60649
Hyde Park - 55th & IL Chicago 2004 1174 E 55th St, Chicago, IL 60615
Woodlawn
Madison & Morgan IL Chicago 2002 1001 W MADISON ST
Wilson and Magnolia IL Chicago 2000 4600 North Magnolia in Illinois 60640-5083
Fairlane Towne Center MI Dearborn 2004 18900 Michigan Ave, Dearborn, MI 48126
Eastpointe MI Eastpointe 2002 22511 Gratiot Ave. Eastpointe, MI 48021.



Table A4: A List of All Magic Johnson Starbucks Locations (continued)

Magic Johnson Starbucks State City Open Address
Location Year
Jefferson and East Grand MI Detroit 2007 7201 E Jefferson, Detroit, MI 48214
Telegraph & 9 mile MI Southfield 2001 22506 Telegraph Road. Southfield, MI 48033
East Lansing MI East Lansing 1999 E Lansing, Grand River & Charles, East
Lansing, Michigan
Mayfield and Lee OH Cleveland 2002 3093 Mayfield Road Heights Rockefeller
Building Cleveland Heights, OH 44118
Shoppes at Metro MD Hyattsville 2000 3601 East-West Highway, Hyattsville, Md.
Largo Plaza MD Largo 2003 10586 Campus Way South Largo, MD 20774.
Capital Centre MD Prince George’s 2004 861 CAPITAL CENTRE BLVD # A
County
Rivertown Commons MD Prince George’s 2005 6171-A Oxon Hill Road. Oxon Hill,
County Maryland 20745
125th and Lennox Ave. NY New York City 1999 83 West 125th Street, New York, NY.
1385 Metropolitan Avenue NY New York City 2002 1385 Metropolitan Avenue, New York, NY
Atlantic Center NY New York City 2004 139 Flatbush Ave, Brooklyn, NY 11217
Cascade Road GA Atlanta 1999 3660 Cascade Road SW Atlanta, GA 30331.
Hairston & Covington GA Atlanta 2002 2071-A South Hairston Rd. Decatur, Georgia
30035
Lauderdale Lakes FL Lauderdale 2001 3399 N. State Road 7/Highway 441 at W.
Lakes Oakland Park Blvd.
Biscayne & 69th Street FL Miami 2004 6825 BISCAYNE BLVD




Table A5: Coefficients for Event Study Estimates

Treated vs Rejected Treated vs Matched Treated vs Matched
Starbucks Tracts Starbucks Tracts Magic Johnson Starbucks Tracts
ATT(-5) 0.183 0.079 1.059
(2.068) (0.486) (2.035)
ATT(-4) 0.526 0.021 -3.028
(1.665) (0.407) (4.415)
ATT(-3) 0.518 -0.215 -3.724
(1.317) (0.346) (5.099)
ATT(-2) 0.012 -0.214 1.323
(0.748) (0.298) (3.479)
ATT(-1) 0.000 0.000 0.000
ATT(0) 1.595%* 0.670* 0.731
(0.689) (0.294) (2.908)
ATT(1) 2.656%* 1.409%** -0.766
(0.898) (0.315) (4.717)
ATT(2) 4.260* 1.246%** 5.878
(1.739) (0.372) (5.792)
ATT(3) 6.836%** 1.778%** 7.266
(1.628) (0.403) (5.004)
ATT(4) 7.053*** 1.900%** 9.493*
(1.895) (0.456) (4.255)
ATT(5) 7.618%* 1.480** 12.338*
(2.453) (0.488) (5.610)
ATT(6) 8.140*** 1.437%* 3.483
(2.271) (0.516) (6.727)
ATT(7) T.TE1LHHE 0.978 8.062
(1.664) (0.604) (8.287)
Num. Obs. 74802 112803 987

Note: The table reports the coefficients corresponding to Figure 1, detailing dynamic group-
time average treatment effects employing the method proposed by Callaway & Sant’Anna
(2021). Column (1) considers the ‘never treated’ as the control group, whereas Columns (2)
and (3) uses the ‘not yet treated’ as the control group. Standard errors clustered at the county
level in parenthesis. Significance levels are indicated as follows: + p < 0.1, * p < 0.05, ** p
< 0.01, *** p < 0.001.



Figure Al: Entry of Magic Johnson Starbucks Over Time
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Note: This figure juxtaposes the establishment timeline of Magic Johnson Star-
bucks from 1997 to 2010 with the trajectory of startup quantity in treated versus
control tracts. The left panel displays the distribution of the years in which Magic
Johnson Starbucks establishments were introduced. The right panel contrasts the
progression of average startups per tract between treated and control tracts, with
annual counts referenced against the 1992 average.



Figure A2: Event Study Comparing Treated Neighborhoods to Neighborhoods Scheduled to Receive a Starbucks but
Did Not Get One; Alternative Specification #1
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Note: This figure shows the impact over time of the entry of the first Starbucks into census tracts that previously
did not have coffee shops, using an alternative analytical sample for “rejected” Starbucks neighborhoods (Panel A in
Figure 2). Under this specification, neighborhoods that initially rejected Starbucks remain in the “rejected” group
only until they actually open a Starbucks, thus capturing the interim period between rejection and eventual store
opening. The figure reports marginal effects estimated via the difference-in-differences methodology of Callaway and
Sant’Anna (2021), with 95 percent confidence intervals.

Figure A3: Event Study Comparing Treated Neighborhoods to Neighborhoods Scheduled to Receive a Starbucks but
Did Not Get One; Alternative Specification #2
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Note: This figure shows the impact over time of the entry of the first Starbucks into census tracts that previously
did not have coffee shops, using an alternative analytical sample for “rejected” Starbucks neighborhoods (Panel A in
Figure 2). This alternative specification excludes neighborhoods from the "rejected" group if they eventually received
a Starbucks, even if they initially rejected one. Thus, the "rejected" group here comprises solely neighborhoods that
never received any Starbucks throughout the study period. The figure reports marginal effects estimated via the
difference-in-differences methodology of Callaway and Sant’Anna (2021), with 95 percent confidence intervals.



Figure A4: Relationship Between Establishment Size and Number of Visitors to a Starbucks in SafeGraph Data

Relationship Between Starbucks Size and Monthly Visitors
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Note: This figure plots a binned scatterplot between the size of a Starbucks and the number of monthly visitors it
receives, as tracked in SafeGraph data.



patdnooso

ysii8uy xeadg 01 A[1qy Aq sdnoir) 98y Aq sory Aq swWOY 9e

1€€°0 -leum() << 666 Ul 2UWIOOUI P[OYESNOY URIPIA sytu() Sursnoj pordnodoQ ysiSuy ueysy 10y sedenguer] yeadg OYA\ I9A() pue sivox ¢ uolyendog LT
ysi8uy yeodg 01 AN[Iqy Aq sdnoir) o3y Aq ooey Aq owOH je
zeE'0 666'69% 0% 000°0S$ SP[OYasnOY A[iurejuoN | ysISuf ueyy oyjQ seSensuer yeadg oy 10AQ pue sieax G uonemndod | 9g
¥€€°0 6667S$ 01 000°0G$ << olewa suosiod | 6661 ul sSurures Aq xog Aq sSururey Yjm oA pue sieag 9T uonpemndod | gg
suoryednodo
Gcee o pojelal pue ‘[euolssojoid ‘quomreSeur]y << O[RUWd] suosIod odAJ, uoryednoo() £q xog %4
cee o 6661 Ul awoour 9330133y suosIod 6661 Ul oWOOU] P[OYasNOH A[lwejuoN 91830133y [e10], [
geeo 66679 0% 000°65$ << oreWdg suosdd | 6661 ut sSuturey £q xog £q sSururey Yim 10AQ pue sresk 91 uonendod | gg
L€€°0 ‘ure §gig 03 ‘ure 00:6 suosIag JIOAA 03 0F) 0) dWOH Juraear] owiL, 12
ourjer] 10 oruedsif JON ‘OUOIY 9MYA\
S] OYAA IOP[OYSSNOH M JUdY Yse)) [m yst8uy xeadg 0} ANiqy Aq sdnoir) a8y Aq 9ory Aq WO je
2€€°0 6%Z‘T$ 03 000°T$ sqiuf) Suisnoy pordnoo()-19juay poyroadg ysiSuyg ueyy 1oyrQ sodenguer] yeodg OYA\ I9AQ pue sieox ¢ uolyendod 02
s1oSeuew uLIej pue siourrej jded
-x2 ‘suoryednodo juswaSeur]y :suorpednodo suorjyerd odA7, uoryed
L€€°0 -do [emueuy pue ‘sseuisng ‘juamwiaSruURN << ORI\ suosiod -NOO() poje[eYy PuR ‘[RUOISS9JOI] ‘jUusmaSRURIN Pa109[ag pafleio( Aq XoS 61
ysi8uy yeodg 01 ANIqy Aq sdnoir) o3y Aq ooey Aq owOH je
6€€°0 666°66% 01 000°GL$ SPIOYPsSNOY A[iurejuoN | YsISugy ueyy oylQ sefensue yeadg oy 0AQ pue sieag ¢ uonemndod | 8T
Suises] pue
ore 0 [eJUal pur 9)RISe [Bal ‘eourinsul ‘eourul] << ORI SUOSIDg odAJ, A1ysnpuj Aq Xog LT
SOOTIAISS JUSMWIOFRURUL 9)SeM PUR ‘DAIjRIJSTUTI
ove0 -pe ‘juomroSeURM ‘OYIJULIIS ‘[RUOISSOJOIJ < < O[RUIO] suosIod odAJ, A1ysnpuy Aq xog 91
aewd << GGET Ul punol 6661 Ul ysi8uy yeadg 01 AN[Iqy Aq sdnoir) a3y Aq ooey Aq swoH je
170 | -Teak ‘omry-[nJ PadIop\ << GGG Ul sBuruIes URIpL]y | SSurureq jim I9A(Q Pue sIeax 9T suosiog | ysiSuyg ueyl 1oyl sedenduer] yeodg Ooypy I9AQ pue sieox ¢ uorjendog | gGT
6661 Ul ysi8uy xeadg 03 A1qy Aq sdnoir) 98y Aq sovy Aq sWOY 9e
Ve 0 orewoyd << GEET ULl SWOOUT URTPIIN QUWIOOU] M ISA() PUR SIBOX G suosiod ysi8uy ueysy 10yl sedenguer] yeadg OYA\ I9A() pue sivox ¢ uonyendog 71
ouryer]
10 oruedstg JON ‘OUOTY UM SI OUM
IOpP[OYesSNOH & Ym jJuoy yse) Suided ysi8uy yeadg 01 AN[iqy Aq sdnoir) a8y Aq ooey Aq swoOH je
eve 0 JULI SSOI8 URIPOIN spiu) Suisnoy peordnoo(-1ejusy poyroodg ysi8uy ueyy 1eyjiQ sedenguer] yeodg OYA\ 10AQ pue sieax ¢ uoryemndod 1
suorjednooo [eorjewsyrewt pue rojnduro)) odA T, uoryed
87¢°0 :suoryednodo  poje[al pue [euolssajorg << ORI\ suosiad | -Nod( Poje[dY PuUR ‘[RUOISS9jOI] ‘juswaSeur]y Pojoo[eg poafreld  Aq xoS | gI
[ooyog ut pafjoruy J0N 93V JO sI1edx F& 09 ysi8uy yeadg 031 AN[iqy Aq sdnoir) a3y Aq ooey Aq swoH je
0S€°0 20180p s Jo[oydryg << A[IqesIp ON << 9[ewd,] | Q] SUOSIOJ POZI[RUOIINIIISUIUON URI[IAI) | ysiSuy uey) 1oyj)Q sodenduer] yeadg O\ I1oA(Q pue sieax ¢ uolyendo 11
suorjyednoso suory
-e1odo [eoueUY pue ssoulsng :suoljyednddo suorjers odA T, uoryed
2Ge'0 | -do [eueuy pue ‘ssoulsng ‘juomraSeur]y << ORI suosiad | -Nod( Poje[dY PuUR ‘[RUOISS9jOI] ‘juswaSeur]y Pajoa[ag pafreld  Aq xoS | 0T
s1oSeuew uLIej pue siourrej jded
-xo ‘suoljednodo juowe8euR]y :suoijednddo suoljeis odA7, uoryed
€680 -do [eouRUY pue ‘ssoulsng ‘JuowWoSeURIN < < O[RUWO suosiod -NOO() pee[eYy PuR ‘[RUOISS9JOI] ‘jUusmaSRURIN Pa109[ag pafielo( Aq XoS 6
ysi8uy yeodg 03 ANIqy Aq sdnoir) o3y Aq ooey Aq owoOH je
£8€°0 6667L$ 0% 000°09% SPIOYPSNOY A[iurejuoN | YsISuf uweyy oyjQ seSensue yeadg oy 10AQ pue sieax ¢ uonjemndod | §
[ooyog ut pafjoruy JoN 93V JO sI1edx F& 09 ysi8uy yeadg 01 AN[iqy Aq sdnoir) a8y Aq ooey Aq swoOH je
¥Ge'0 | erenpels [ooyos Y31y 10N << LI[Iqesip ON << 9[R]N | 8T SUOSI9J PoZI[RUOIINIIISUTUON URI[IALD) | YSI[Suy uey) Ia9y1Q sedenduer] yeadg OYA\ I9A(Q pue sieex ¢ uonrendog | 2
ey ysed Yiyim ysi8uy xeadg 03 ANiqy Aq sdnoir) a8y Aq sovy Aq sWOY 9e
GGe0 10w 10 )0Q‘T$ << SWOOIPdQ dIOW IO ¢ syrup) Sursnol patdnodo(-10juey poyradg ysiSuy ueyy 1oy sesenguer] yeadg OYA\ Ioa() pue sieox ¢ uolyemndog 9
ouryer]
10 otuedsi{ JON ‘OUO[Y YA\ S] OUYA
ISP[OYSSNOH ® [Yiym jJuay yse)) 3Iuided ysi8uy xeadg 01 A[iqy Aq sdnoir) 98y Aq sovy Aq sWOY 9e
9G¢°0 Jua1 ss018 99e30133y sytu() Sursnol pardnodo(-10jusy poyredg ysiSuy ueysy 10y sesenguer] yeadg OYA\ I9A() pue sieox ¢ uonyendog G
SOOTAIOS JUOWIOSRUR 9)SeM PUE ‘OATIRIISTUTI
19¢°0 | -pe ‘guomwreSeuewl ‘OYrULIds ‘[RUOISSAjOId << ORI suosiag odAJ, A1ysnpuy Aq xoG | ¥
quey yse) Suided ysi8uy yeadg 01 AN[Iqy Aq sdnoir) a8y Aq ooey Aq swoOH je
29€°0 a13renb ULl 10RIJUOD IoMOTT syu() Sursnol pardnod(-19jusy payedg ysi8uy ueysy 19yl sedenguer] yeadg OYA\ I9A( pur sieex ¢ uolyendog ¢
zLE°0 a[1yrenb qual gorIjuod rodd() suosIod o[Ient) juoy joeryuo)) roddn z
suorjednd
9.€°0 | -00 paje[ar pue ‘[euoissejord ‘quomreSeue]y << ORI\ suosiag odA 1, uoryednoo Aq xog T
*110)) uorydrIosa(a[qerre) OSIOATU)d[(RIIRA orqere[qerren | N

(Butuad() syonqIe)Q)d YIM PIJR[IIO)) AJPAINSOJ ISOJN soInjesq e (G 9V 9[qRL



‘ordures worjeuw)se oY) Ul ‘uororpard ST} YIIM 9Injesj [Oed JO UOIJR[SIIOD O} IOPISU0D om ‘A[[eul,] ‘o[dures UOT)RMI)SO
oY} ur syonqrelg e Surarecal jo Aiqeqord oYy jorpaxd om ‘uey,y, -ojdwres Sururely oY) ul siojowrered PIYRPI[RA-SSOIO [IM 921} POJsOOq-jusIpeld e urel) opp -ojdures uolyew)se %0 ® pue ‘ojdures
Sururery 909 ® 0} Ul WOPURI e $)0RI} SNSUdd Ino ds oA\ gTG‘F SI $9INJeJ JO IoqUINU 80} Y, ‘000g Ul SYONqIe)S © INOYM spooyroquseu [[e Suowre (so[qe} g4S) snsued SN 0007 Y} woy
UOIJRULIOJUT ULIO-SUO] o1} U0 paseq ‘000g Ieok oY) Aq syonqgrelg e Surureyqo pootroqusau ayy jo Ajiqeqord a3 03 paje[a11od A[oArjisod jsowr ale et} saInjeaj 0G oYy sprodal a[qey SIY ], 920N

0ze0 suor3ednddo 921jo pue sa[eg << 9[RIN suosiag odA 7, uoryednoo £q xag | 0g
G66T Ul sejelg Q66T Ul 20udPIsay Aq [9A9T YSINA/VSIN - 000C Ut 9duap

12€°0 | poyun up << 000% Ul VSINd/VSIN ue ur Suiarg suosiadg -Is9Y Aq GEET Ul 9STIOH JUSISPI( Ul SUIALT IOAQ pue sieog ¢ uonemndod | 6¥
666°66$ 01 000°GL$ 666T Ul ssururer Aq 66T Ul doudLodxy

1280 << 6661 Ul punoi-1eak ‘owry-[[ny PasiIopy << ORI\ suosiod | Iop\ £q xog £q 66T Ul sSururerdy Yim Ioa() pue sieax 97 uorpendod | 8§
(&ouareamba sopnyd [ooyog ut pafjoruy J0N 93V JO sI1edx F& 09 ysi8uy yeadg 01 AN[iqy Aq sdnoir) a8y Aq ooey Aq swoOH je

220 | -ur) ejenpers [ooyds YSIH << AY[IqesIp ON << 9[R]N | 8] SUOSIdJ POZI[RUOIINJIISUIUON URI[IAID) | ysiSuy ueyy 10yjQ seSensSuer] yeadg oyp) 10AQ pue siesx ¢ uonrendod | L
666'7L$ 0% 000°69$ << 6661 ur sSurures] Aq 6661 Ul doustIadxyy

2TE0 | 6661 Ul punoi-read ‘owr}-[[nJ PoIop\ << O[RWd] suosiod | Iop\ £q xog £q 66T UI sSururery Yym Ioa() pue srieax 97 uorpendod | 9f

¢ce0 666°67$ 0% 000°6¢¥$ << orewIdg suosdJ | 6661 ut sSuturey £q xog £q sSururey Yim 10AQ pue sresx 91 uonendod | Gy
ourjer] 10 oruedsif JON ‘OUOIY 9MYAA ysi8uy yeadg 01 AN[iqy Aq sdnoir) a8y Aq ooey Aq swOH je

€ze0 666 FZT$ 03 000°00T$ S| OUA\ JOp[OUesnoly {jm sp[oyesnol | ysiSuy ueys 1oyji( sedenduer] yeodg OYp\ I0AQ pue sivox ¢ uorje[ndoq 47

¥2€°0 uorjewoju] << ORI suosiod odAJ, A1ysnpuy Aq xog 574

¥2€0 666'F7L$ 0% 000°¢9$ << °[eN suosidd | 6661 ul sSuturey £q xog £q sSururey Yim 10AQ pue siesx 91 uonendod | gy
6661 Ul sSururey Yiym Isa() pue ysi8uy yeadg 01 AN[iqy Aq sdnoir) a3y Aq ooey Aq swoOH je

¥2€0 6661 Ul s3urures 91880133y | SIR9X QT SIONIOA\ PUNOY-Iedx ‘@WILI-[N] | YysiSuy ueyy 1yl sodenduer] yeadg OYA\ I19A(Q pue s1eax ¢ uolyendog 187
yst8uy xeadg 03 Aiqy Aq sdnoir) 98y Aq sovy Aq swWOY 9e

92¢°0 666‘7CT$ O3 000°00T$ << s1eak yg 03 Gg SP[OYoSNOH | YUSIHSuY ueyy 10Uz sedenguer] qeadg oyp 10AQ pue sieog ¢ uopemndod | OF
[0407] VSINA/VSIN - G661 Ul 9ouspisay £q ¢66T Ul
GEBT Ul 90UapISaY Paldd[ag A GEET Ul SNOF JUSISHI(] UT 02Ty 03IanJ 10 ‘S'[) 9}

92€°0 | VSINA/VSIN tuomegiq << g661 Ul sa1elg pajruf uf suosIog | Ul POAIT Yey) 000Z U VSINA/VSIN Ul SUIAIT 10AQ pue s1esx ¢ uonendod | 6¢
666'79$ 0% 000°65$ << 6661 ur sSurures] Aq 6661 Ul doustIadxyy

L3€°0 | 6661 Ul punol-reaf ‘owIr}-[[nJ PosIopy << o[ewdj suosiod | Iop\ £q xog £q 6EGT Ul sSuruiery Yym Ioa() pue srieax 97 uorpendod | 8¢

22€°0 666°66$ 01 000°GL$ << 9N suosidd | 6661 ul sSuturey £q xog £q sSururey Yim 10AQ pue sresx 91 uonpendod | Lg

1280 6667L$ 01 000°G9g << orewraq suosiod | 6661 ul sSururery Aq xog Aq sSuturey Yjm 1A pue sieag 9T uonpendod | 9¢

ourjer] 10 otuedsi 10N ‘QUOIY 91U

S] OYAA IOP[OYLSNOH UM JuUay Yse)) [im ysi8uy xeadg 0} ANiqy Aq sdnoir) a8y Aq sovy Aq sWOY 9e

220 666$ 01 006$ sytu() Sursnofy patdnodo(-10jusy poayroadg ysiSuy ueysy 1oy sesenguer] yeadg OYA\ Ioa() pue sieox ¢ uoryemndog [
(pogndwy owoo
poandurt swoour -uJ Jo JuadIdJ) 6661 Ul dwodu] jo uorpeindw] Aq 6EET Ul sSnIe)S A119A0J

8ZE'0 | ON << 10a9] Ajraod eaoqe 10 e GEET UL DWOOU] suosioq Aq pourmreje( S snjels A3I0A0qJ WOYAA I0j soljtueq ut joN uoryemndod ye
ysi8uy xeadg 03 ANiqy Aq sdnoir) 98y Aq 9ovy Aq sWOY 9e

[7€°0 orewg,] << 66T Ul sSurures 03e30133y sSuruIey Ym I9A(Q) PUR SIBOXL Q] SUOSIOJ ysiSuyg ueyy Ioyr( sodenguer] yeodg OYA\ I9AQ pue sieox ¢ uolyemndod ce
ysi8uy yeadg 01 AN[iqy Aq sdnoir) a3y Aq ooey Aq swoH je

82€°0 oleIN << 6661 Ul awodour 9)e30133y spoyesnoy A[iwrejuoN | ysiSuy uery) 1oyjQ sofenduer] yeadg Ooyp\ I0A(Q pue siesx ¢ uonendod | ge
ysi8uy xeadg 03 A[iqy Aq sdnoir) 98y Aq sory Aq sWOY 9e

62€°0 orewo << GEET ULl SWOOUT URTPIIN SPIOYSNOY A[IUIRJUON ysiSuy ueyy 1oy sesenguer] yeadg OYA\ I9A() pue sieox ¢ uoryendog 1€
ysi8uy yeodg 01 AN[iqy £q sdnoir) a3y Aq ooey Aq owoOH je

62¢°0 666°66$ 0% 000°GL$ << s1edk F¢ 03 G Sployosnoy | ysISuy ueyy 10y3Q sedensuery yeadg oyp 0aQ pue sieog ¢ uonemndod | 0g

ojenpeis [0oyos

UYSIH << ouo[e SUIAI] JON :I9p[OYasnol Arurej juewIuIe)} )y [rUOIjRONPY Aq jusweSurily 3UIAl] Aq 6661 Ul snjels

0€€°0 | -UON << [049] £119A0d 2AO(QR 10 1B GEET UI SUWIODUT suosiod | £)10a0d Aq pauruiIo)a(J ST sniels £1I9A0J WOYAA 10] S[RNPIAIPU] Poje[oIU) | GG

suoryednodo suory

-erado [eloueUy pue ssaulsng :suoljyednodo suoljers odA T, uoryed

1€€°0 -do [erouruy pue ‘sseulsnq ‘JusmwaSeURIN < < 9[RUIS] suosIoq -NO0() Poje[eY PUR ‘[RUOISS?JOI] ‘JuowaSeur]N Pojoo[es porele Aq xog 8%




ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oovy Aq sWOH je

602°0- 666°63$ 01 000°09% << 666°7L$ 0% 000°0S$ | siun Sursnoy pordndo(-Pum( paywedg | ysiqsuy uey) wYIQ sofengue] yeadg OYA 10AQ pue s1esx ¢ uonemdod | Lg
93e31I0]N © Inoym ysi8uy yeodg 03 L1[1qy £q sdnoar) 98y Aq ooey Aq owoH je
6020 66T$ 01 0STS syu) Sursnoy petdnoo-reum() poyloadg ysi8uy ueyy Ioyr( sesenguer] yeod§ OYA\ I9AQ pue sieox ¢ uorpeindoqg 97
ourjer] 10 oruedsry JON
‘QUO[Y 9MYA\ S] OYAA ISP[OUSSNOH [iim ysi8uy yeodg o3 Ayiqy Aq sdnoir) o3y Aq oovy Aq sWOH je
012°0- 66662$ 03 000°GZ$ sytu) 3uisnoy pardnoo-reum() paymedg ysisuy uey) 1wyl sedenguer] yeadg OYA\ IeA() pue sieax ¢ uorjemndog (4
ouryer] 1o oruedsTiH J0N
‘Quoly 99IYA S] OYA\ JOP[OYSSNOH Yim ysi8uy yeodg o1 L1[1qy £q sdnoir) 98y Aq ooey Aq owoH e
112°0- 666°69% 01 000°09% | situn Suisnoly pardnoo-1Pum( poywoedg | ysiSuy ueyy wY)Q soSenuer] yeadg oyp I0AQ pue siedx ¢ uonendod | ¥g
ysi8uy yeodg o3 Ayiqy Aq sdnoir) o8y Aq oory Aq WO je
€12°0- 666°63$ 01 000°09% << 666°6T$ 0% 000°0T$ | s¥un Susnoy pordndo(-PuM( paywadg | YsHSuy uey) WYIQ sofengue] yeadg OYM 10AQ pue s1edx ¢ uonemdod | €g
ysi8uy yeodg 03 L1[1qy £q sdnoar) 98y Aq ooey Aq owoHy e
€120~ 666°67$ 0% 000°0¥$ << 666FL$ 03 000°0¢$ | s¥un Sursnoy pordnddQ-oumQ poypadg | ysiSuy ueyy WYjQ sefensuer yeodg OYA OAQ pue siedx g uoiemndod | gg
ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oory Aq swOH je
L1%°0- 666°6€$ 01 000°0€$ << 6666¥$ 01 000°Ge$ | sHuUn Suisnoy pardnddQ-uUMQ paywadg | ysISuy uey) WY seFensuer] yeadg OYA OAQ pue siedx G uoremndod | 1g
ysi8uy yeadg 09 L1qy Aq sdnour) 98y Aq 90wy Aq swOH e
L13°0- 666°69$ 0% 000°09$ << 6666¥$ 03 000°Ge$ | s3un Sursnoy pordnodQ-eumQ poypadg | ysiSuy ueyy W30 sefenduer yeadg OYA 19AQ pue siedx g uoiemndod | 0%
ysi8uy yeodg o9 L1[1qy £q sdnoir) 98y Aq 2oey Aq owoH e
12 0- 666'69% 0% 000°09$ << 666°FE$ ©3 000°0C$ sjruf) Susnoy pardnooQ-eumQ peywads | ysySuy ueysy Y30 sefenduer] eadg oy 1040 pue sreax g uoendod | 61
ysiSug yeedg o3 ALiqy Aq sdnoir) o3y Aq oovy Aq oWOH je
122 0- 666°6€$ 01 000°0€$ << 666°6T$ 0% 000°0T$ | s¥un SuSnoy pordndd(-PuUM( paywadg | YSISuY uey) WYIQ sofengue] yeadg OYM 10AQ pue s1esx ¢ uonpemndod | 8T
amwIooul £31IN99G [RID0G YA << [9A9] ysi8uy yeodg 01 L1[1qy £q sdnoir) 98y Aq ooey Aq owoH e
¥22°0- Ay1on0d moreq 66T Ul ewodu] << pardnodo-reum() sqiup) Suisnoy perdnoo() ysi8uy ueyy oyl sodenguer] yeodg oA\ I9AQ pPur sieax ¢ uoljendod LT
ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oovy Aq sWOH je
§TT 0" 666°67$ 01 000°07$ << 666°6¥$ 0% 000°Ge$ | siun Sursnoy pordndd(-umQ paywedg | ysiqSuy uey) w10 sofengue] yeadg OYp 10AQ pue s1edx g uonemdod | 91
ourjer] 10 oruedsiy 0N
‘QUOlY 9JIYA SI OUAA JOP[OYSSNOH Yim ysi8uy yeodg o1 L1[1qy £q sdnoir) 98y Aq ooey Aq owoH e
GTT 0- 666‘7£$ 01 000°0€$ | situn Suisnoy pardnoo-1oum( poeyoadg | ysiSuy ueyy wyjQ seSenSuer] yeadg oyp I0AQ pue siedx ¢ uonyendod | gT
922°0- 1esor, SUOSIDJ ordureg ur uoryerndoJ oy jo yuadIdg | ¥
92%°0- WIRJUON :[eIny SUO0SI9DJ uoryendod [eany pue urqin eT
I9I[Ied 10 GE6T ysiSug yeodg o3 A1qy £q sdnoxn o8y Aq eoey 4q swoy je
6220 g << I9a0 pue sieak g) << pordnooo-roum(Q sqiup) Suisnoy pordnoo() ysi8uy ueyy Ioyr( sedenguer] yeodg OYA\ I9AQ pue sieax ¢ uorpeindog 4
9831101 ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oory Aq swoH je
0€2°0- 66€$ 01 00€$ | © UIm sjrun Suisnopy poardnooQ-roum( | ysiSug ueyy 1yl seSenguer] yeadg OYA\ 10AQ pue s1eag ¢ uorpeindog 11
ourjer] 10 oruedsif 0N
‘Quoly 9JIYAM S] OUAA JOP[OYSSNOH Yim ysi8uy yeodg 03 L1[1qy £q sdnoar) 98y Aq ooey Aq owoly e
0€C0- 666°6¢$ 01 000°CES syu) Sursnoy perdnoo(-1eum() poyloadg ysi8uy ueyy Ioyr( sesenguer] yeodg OYA\ I9A( pue sieox ¢ uorjeindog 01
ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oovy Aq swOH je
1€2°0- 666'6€£$ 0% 000°0€$ << 666°FE$ ©3 000°0¢$ | sIUN Suisnoy pardnodQ-uUMQ poywedg | YsHIuy ueyl WY sofendue] yeadg oy 19AQ pue s1esx g uonendod | 6
ourjer] 10 oruedsiy 0N
‘Quoly 99IYA S] OUAA JOP[OYSSNOH Yim ysi8uy yeodg 03 L1[1qy £q sdnoar) 98y Aq ooey Aq owoH e
1€2°0- 666°69$ ©1 000°0S$ syu) Sursnoy petdnoo()-reum() poyioadg ysi8uy ueyy Ioyr( sedenguer] yeodg OYA\ I9A( pue sieax ¢ uorpeindog I
ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oory Aq sWOH je
16€¢°0- 666°67$ 03 000°07$ << 666°61$ ©% 000°0T$ sjyruq) Suisnoy patdnooQ-1eumQ payweds | ysySuy ueyy Y30 seSendue] yeadg oyp 1040 pue sieeg g uoppeindod | L
93e31I10IN ysiSuy yeodg o3 LAyiqy Aq sdnoir) o3y Aq oory Aq owOH je
7eC0- 66S$ 01 00S$ e Ypm syup Surisnoy pordnoo-roum() ystSuy ueyy 1oy} seSenduer] yeadg oyp\ I9A( pue sieox ¢ uolrendog 9
ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oovy Aq owoOH je
€€C0- 666'67$ 0% 000°'0¥$ << 666°7E$ ©3 000°0C$ sjruf) Suisnoy pardnooQ-eumQ peypadg | ysiSuy ueyy wYIO seFenduer] eadg oy 19AQ pue sieag ¢ uonemdod | g
uey ysep Yirm ysi8uy yeadg 01 L1qy Aq sdnoir) 98y Aq sovy Aq swOl e
GeT0- 66%$ 01 00£$ << sWOO0Ipeq dI0W IO ¢ sytu) Sursnol pardnod()-19jusy poyredg ysi8uy ueyy 10y} sesenduer] yeadg OYp\ I9A( pur sieox ¢ uolrendog 7
IoI[Ied 10 ysi8uy yeodg 01 L1[1qy £q sdnoixr) 98y Aq ooey Aq owoH e
6€2°0- | 6861 3Ing << sIeak ) 03 g9 << pardnodo-reumQ syu) Suisnoy peardnoo | ysiSuy ueyy 1oyl soSenSuer] seadg OYA\ I9AQ PuUe sIedax ¢ uolyeindog | €
ourjer] 10 oruedsrf JON
‘QUO[Y 9MYA\ S] OYAA IOP[OUSSNOH M ysi8uy yeadg 01 L1qy Aq sdnour) 98y Aq sovy Aq swOH e
9¥%2 0~ 666°67$ 01 000°07$ syu) Suisnoy poardnoo-reum() paymedg ysi8uy ueyy 10y} sedenduer] yeadg OoYyp\ I9AQ pur sieox ¢ uolyendog z
983110 ysi8uy yeodg o1 L1[1qy £q sdnoir) 98y Aq ooey Aq owoH e
9%2°0- 667$ 01 007$ | © Uym sjrupn Suisnoy pardnoo-poumQ | ysiSug uey) y1Q soSensuer yeadg OYA\ 19AQ pue sieag ¢ uorpendog 1
‘1100 uor1drIosa(arqerres OSIOATU)d[RLIRA arqero[qerren | N

(Butmed () sypNqIe)G)d YIM Pajelalio)) A[pA1eSaN ISOJN soInjeaq ered 0G LV 9[qRL



‘ojdures uorjewIyse oYy Ul ‘uoryoipard SIY) YIIM SINJeS] [OBS JO UOIJR[DIIOD 9Y) ISPISU0D om ‘A[[eur,] ‘ojdures uorjeuwr)so
oY} ul syonqelg e Jurateocal jo Ayqiqeqord oyy joipaad em ‘usy ], -o[dwes Jururel} oY) ul siojowrered poajepI[RA-SSOID [}IM 991} POJSO0Q-judIpreid © urel) app -o[dures uorjeuwiryse % 0f € pue ‘ejdures

Sururery 909 ® 0} Ul WOPURI e $)0eI) SNSusd Ino ds oA\ gIG'Yy SI $9INJed) Jo Iaquunu (80} Y, ‘000g Ul SYONqIe)g © INOYm spooyroquseu [[e Suowre (so[qe) g4S) snsus) SN 0007 Y} woy

UOIJRULIOJUT WI0J-SUO] oY) U0 paseq ‘000g Ieak ay) £q syonqrelg e Surureyqo pooryroqusau ayjy jo Ariqeqord ay) 03 paje[a110d A[9AT)eSaU JSOW oIe ey} SoINjes) ()G ayg sjrodar a[qey SIYJ, 220N

93e31I10IN ysi8uy yeadg 01 L1qy Aq sdnoir) 98y Aq 90wy Aq swOH e
88T 0- 662$ 01 00Z$ e Ypm syup Suisnoy pordnoo-1oum( ysi8uy ueyy 10y sesenduer] yeadg oyp\ I9A( pue sieox ¢ uolrendog 0g
ouryer] 10 otuedsIH JON ‘OUOTY 9ITYAA ST
OYA\ Iop[oYesnol Ym o3e31I0JN & Yiim ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oovy Aq swOH je
88T'0- 66£$ 01 00€$ sytu) Suisnoy pardnooQ-reum() paymedg ysi8uy uey) 1wyl sedenguer] yeadg OYA\ I9A() pur sieax ¢ uoryemndog 6¥
681°0- wre [einy suosIog uoryeindod [einy pue ueqifn | 8§
98BSO © YIm ystSuy seodg o3 £31qy £q sdnoxn o8y Aq ooey 4q swoy je
16T°0- 66S$ 01 009§ << ouore oYM | sjup Sulsnol pardnooQ-oumQ paywadg | ysiSug uey) yyQ soSensuer] yeodg oyp\ 19AQ pue sieox g uorpendod | Ly
ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oovy Aq swWOH je
T6T0- 666°69% 01 000°09% << 6667L$ 0% 000°0¢$ | sIun Sursnoy pardnod-roum(Q paynedg | ysiSuy ueyy HYIQ sodengue yeodg OYM I0AQ pue sieox ¢ uonemdod | 9y
ysi8uy yeodg 03 L1[1qy £q sdnoan) 98y Aq ooey Aq owoH je
¥61°0- se3 Jr 1o ‘yuey ‘paryrog syup) Sursnoy pardnooQ ystSuy ueyy 1oy} seSenduer] yeadg oyp\ I9A( pue sieox ¢ uolrendog (74
98e81I0I e Ym ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oory Aq swoH je
¥61°0- 66€$ 01 00£g << duo[e MNIYA | sjup Suisnol pardnooQ-umQ paywadg | ysiSuy uey) y1Q soSensuer] yeodg oyp\ 19AQ pue sieox g uonpendod | ¥
ysi8uy yeadg 01 L1qy Aq sdnour) 98y Aq sovy Aq swoOl e
G6T 0- 666'65$ 0% 000°08$ << 000°0T$ Uy} Ssor] sytu() Suisnoy pordnoo-reum() payroadg ysiduy ueyy 10yl sesenduer] yeadg OYA\ I9AQ pur sieox ¢ uolyendog 572
ysi8uy yeodg 01 L1[1qy £q sdnoir) 98y Aq ooey Aq owoH e
961°0- 666°69$ ©3 000°09% << 666°67$ ©3 000°GES syu) Sursnoy perdnod-oum(Q paywadg | ysiSuy ueyy wyjQ sesensuer] yeadg oY wAQ pue siesx g uonemdod | gy
ysi8uy yeodg o3 Ayiqy Aq sdnoir) o8y Aq ooey Aq oWOH je
96T°0- 666°6€$ 01 000°0€$ << 666T7L$ 0% 000°0S$ | siun Sursnoy pordnod-roum(Q paynedg | ysiSuy ueyy WYIQ sedengue yeodg OYM 1AQ pue sieox ¢ uonemdod | 1§
93e31I0N e Inoypm ysi8uy yeodg 03 L1[1qy £q sdnoar) 98y Aq ooey Aq owoHy je
L6T°0- 6%1$ 01 00T$ syu) Sursnoy perdnoo()-1eum() poyloadg ysi8uy ueyy Ioyr( sesenguer] yeodg OYA\ I9AQ pue sieox ¢ uorjeindog o¥
ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oovy Aq swOH je
661°0- 666°69$ 01 000°09% << 666‘61$ 03 000°0T$ | s¥un Sursnoy pardnddQ-PUMQ poywadg | YsiSuy uey) WY seFensuer] yeadg OYA OAQ pue siedx G uonemndod | 6¢
IoI[IRd 10 ysi8uy yeadg 09 L1qy Aq sdnoir) 98y Aq 90wy Aq swOH 9e
0020~ 6€6T MIng << sIeoh 9 01 GG << pordnoso-reumQ sytup) Suisnoy poardnooy ysi8uy ueyy 1oy sedenduer] yeadg OoYyp\ I9A( pue sieox ¢ uolrendog Q€
ourjer] 10 oruedsTy J0N
‘Quoly 9YA\ S OYAA JIOP[OYSSNOH Yim ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oory Aq sWOH je
0020~ 66672$ 03 000°02$ sytu) Suisnoy pardnooQ-reum() paymedg ysi8suy uey) 1wyl sedenguer] yeadg OYA\ I9A() pue sieax ¢ uoryemndog L€
G661 Ul @snoy [9A9r] 9SO - GEET Ul 2ouapIsay Aq
00z°0- | Pweg << 000z Ul VSINJ/VSIN e ur Suiall joN suos1og | [0A9T VSINA/VSIN - 000¢ Ul 9ouapisay] £q 10aQ pue s1eax ¢ uorendod | 9¢
ouryer] 1o otuedsI JON ‘OUOTY 93TYAA ST
OY A\ IOpP[OYesSNOY YHm 03e3I0JN ©® [YiIm ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oovy Aq oWOH je
102°0- 667$ 01 007$ syun) Suisnoy perdnoo(-reum() peyroadg ysiSuy ueyy oy sedenguer] yeodg OYA oA pur siesx ¢ uoljemndod Ge
ysi8uy yeodg 03 L1[1qy £q sdnoar) 98y Aq ooey Aq owoH e
102°0- 666°69$ 0% 000°09% << 666‘FE$ 03 000°0¢$ | s¥un Sursnoy pardnodQ-PumQ poypadg | ysHSuy ueyy W30 sefenduer yeadg OYA\ 1OAQ pue siedx g uoiemndod | pg
ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oovy Aq swoOH je
€02°0- 666°6€$ 01 000°0€$ << 000‘0T$ URYY) SSOT sytup) Sutsnop] patdnoo(-reum( peymadg | ysiSuy ueys) 1oyl seSensuer] yeadg OYp\ IOAQ pue sieax ¢ uonpendod | €€
ysi8uy yeadg 01 L11qy Aq sdnoir) 98y Aq sovy Aq swOH e
$0%°0- 666°65$ 01 000°0¢$ << 666°6T$ 0% 000°0T$ | s¥un Susnoy perdndo(-PuMm( pagwedg | YSSuY uey) WYIQ sofengue] yeadg OYp 10AQ pue s1esx ¢ uonpendod | gg
933110\ e YHm ysi8uy yeodg o1 L1[1qy £q sdnoir) 98y Aq ooey Aq owoH e
S02°0- 66¥7$ 01 007§ << ouole 9IYyA\ | syupn Suisnol pardnooQ-roumQ paywadg | ysiSug ueyy oY1 soSenSuer] yeadg OYp\ 19AQ pue sieag ¢ uorpeindog 1€
ysi8uy yeodg o3 Ayiqy Aq sdnoir) o8y Aq oory Aq WO je
9020~ 666°68$ 01 000°0¢$ << 6667€$ 0% 000°0¢$ | s¥un Susnoy pordndd(-PumQ paywedg | YsSuy uey) WYIQ sofengue] yeadg OY 10AQ pue s1esx ¢ uonemdod | 0g
ysi8uy yeodg 03 L1[1qy £q sdnoar) 98y Aq ooey Aq owoHy e
L02°0- 666°67$ 0% 000°07$ << 000°0T$ uey3 sso] | syup Suisnoy pordnodQ-oumQ payoadg | ysiSuy ueyy WYQ sefensue yeadg OYA OAQ pue s1edx ¢ uoiemndod | 67
sonyiqoe] Surqunid ajoidwo) << [9A9] ysi8uy yeodg o3 Aiqy Aq sdnoir) o3y Aq oory Aq swOH je
80%°0- Ayreaod molaq 6661 Ul swoou] << pardnodo-rsum() sytu) Suisnoy perdnodo( ysi8uy ueyy 1oyl sedenguer] yeodg OYA\ IOAQ pue sieax ¢ uoljendod [°14



Appendix B. Industry Tagging Algorithm

This section is based on the methodology developed by Engelberg et al. (2024), which we quote as below:

“Our firm registration data does not include industry codes. To assign firms to industries we develop an industry
tagging algorithm based on the words in firm names. Our approach proceeds in three steps.

“First, we consider all firms with a primary NAICS code assigned in a large firm dataset provided by Infogroup
USA.! We count the number of times a word appears in firm names for each NAICS two-digit industry. Second,
we define word quotient as the number of times a word appears in an industry divided by the number of firms in
an industry - we scale the word frequency to avoid industries with many firms dominating the classification. For
example, words like ‘mining’ or ‘biotechnology’ are highly relevant to industries with relatively few firms. Third, we
assign each word to an industry if (i) it has the highest word quotient and (ii) the quotient is at least twice as high
as the next highest one (quotient ratio > 2). Firms are then linked to industries if the words in their names are
assigned to a specific industry.

“Words with the highest quotient ratio (i.e., those that are most closely associated with specific industries),
include ‘wharehousing’(NAICS 49), ‘mining’ and ‘quarry’ (NAICS 21), and ‘winery’ and ‘panaderia’ (NAICS 31).
The median value of the quotient ratio is 8.5. Words around this value include ‘attorneys’ (NAICS 52), ‘volkswagen’
(NAICS 44), ‘key’ (NAICS 56), ‘powerwashing’ (NAICS 23), ‘abstract’ (NAICS 54), and ‘cooling’ (NAICS 23).

“In total, we have 5,507 words which tag about 54.6% of companies in our regression sample. We exclude N55
and N99. Within these tagged companies, 81% are assigned to exactly one industry, 17.2% to two, and 1.8% to three
or more. Many of the companies tagged in two industries are those that span multiple sectors, such as ‘Commercial
Properties Magazine, Inc’, which is tagged as NAICS 51 (Information) and 53 (Real Estate), or ‘Stella Kids Yoga’
which is tagged as NAICS 61 (Educational Services) and 62 (Health Care and Social Assistance).

“In our main analysis, we assign a firm an industry as long as it is tagged to that industry, i.e., a firm can be
tagged to multiple industries. In untabulated results, our findings are robust to assigning a firm an industry when

the firm is tagged to only one industry.”

Hnfogroup USA dataset includes firms covering the majority of the U.S. economy (similar to Dunn & Bradstreet).



