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Abstract

Research in organizational ecology demonstrates that an organization’s
competitive position within its market is highly associated with its survival chances, and
that patterns of competitive constraint among organizations influence how markets
evolve. However, the literature’s conceptualization of market structure is relatively
coarse and static; it does not explore how individual organizations” competitive positions
shift or how market offerings change over relatively short intervals of time. In this study,
| use social network analysis to study the structure of organizations’ competitive
relationships directly. | examine both how changes in the structure of an organization’s
competitive environment influence its survival chances, and how the structure of
organizations’ competitive relationships affect the stability of market offerings. With a
combination of a large crowd-sourced restaurant dataset from Yelp.com and census tract
information from the American Community Survey (Census Bureau, 2009; Yelp, 2019), |
apply methods from social network analysis, text analysis, and geographic information
systems to track how restaurants’ competitive relationships change over time and space,
and to study how these changes influence restaurants’ survival chances and overall
market stability. This study provides evidence for new mechanisms of competitive
constraint among organizations (niche centrality and niche compression) and new
mechanisms of market stability (niche redundancy), offers a new theoretic framework for
studying market structure and organizational evolution, and has critical implications for

theory in the field of organizational ecology.
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1. Introduction

Organizations’ competitive relationships are a key driver of market evolution.
Organizations tend to have much worse survival chances when they are in market niches
that are crowded, overly specialized, or adjacent to other expanding industry niches
(Carroll, 1985; Dobrev, Kim, & Hannan, 2001; Freeman & Hannan, 1983; Popielarz &
Neal, 2007). Organizations have improved survival chances when proximate to at least a
few competitors due to spillovers in infrastructure, labor pools, legitimacy, development
of shared cultural identity, and other relational advantages (Baum & Oliver, 1992;
McCann & Vroom, 2010; Saxenian, 1996; Whittington, Owen-Smith, & Powell, 2009).
In conjunction with factors that influence rates of entrepreneurial founding behavior, over
time, these mechanisms of competitive constraint can alter the growth rate of industries,
result in boom-bust cycles, or cause the expansion and contraction of particular industry
niches (Barnett & Amburgey, 1989; Carroll & Hannan, 1989; Delacroix, Swaminathan,
& Solt, 1989; Ruef, 2006). However, the field’s understanding about how organizations’
competitive relationships influence market evolution is limited by its relatively narrow
theory about how organizations’ competitive relationships are structured.

Despite research showing that organizations compete to appeal to consumers
across a plethoraof dimensions (Askin & Mauskapf, 2017; Cattani, Porac, & Thomas,
2017; McPherson, 1983; Porac, Thomas, & Baden-Fuller, 1989), studies about
organizational demographics (organizational ecology) often assume markets are

structured across just a few broad ideal types of niches, such as generalists and specialists



(Aldrich & Ruef, 2006; Baum & Shipilov, 2006). These conceptions of market structure
fail to capture the great amount of heterogeneity in organizational offerings (Askin &
Mauskapf, 2017; Goldberg, 2011; Kovacs & Hannan, 2015), and encourage an overly
static conception of market structure. When markets are assumed to be structured into
just a few ideal types of niches a priori, short-term changes in the features that
differentiate or classify organizations into specific niches often go overlooked. This is
especially problematic because market classifications and consumer reference points for
evaluating market categories are highly subject to change (Berger & Luckmann, 2018;
Hsu, Hannan, & Kocak, 2009; Navis & Glynn, 2010; Sauder, Lynn, & Podolny, 2012).
As a result, the field’s understanding about how changes in market structure lead to
future market development is limited, and these theoretical limitations narrow the number
of organizational contexts that ecological theory can coherently explain (Aldrich & Ruef,
2006; Sutton, 1997).

This project seeks to move beyond organizational ecology’s unrealistic
conception of market structure and to better-understand how changes in market structure
affect further market development by integrating organizational ecology with social
network analysis. Social network analysis is a theoretical and methodological toolkit for
examining how connections among social units lead to emergent social structures (Burt,
2009; Freeman, 2004; Wasserman & Faust, 1994; White, 2002). Network studies have
enabled scholars to theorize a range of processes that affect trends in organizations; for
example, how producers attempt to position their offerings among competitors (Porac et

al., 1989; White, 1981), and how patterns of shared organizational characteristics



influence consumers’ evaluations of organizational offerings (Goldberg, Hannan, &
Kovécs, 2016; Pontikes, 2012). Although social network analysis is often applied to the
study of individuals and entrepreneurs, organizations’ competitive relationships also
comprise a type of network with observable structural traits (e.g. niches). By studying
organizations’ competitive relationships as a social network, | identify the structure of
markets with clear, unambiguous, and mathematically derived definitions of complex
relational concepts. | take an inductive bottom-up approach to defining social structures
based on patterns of connections among social units, and | study the antecedents and
consequences of structural changes in competitive networks of organizations over time.
In the following chapters, | provide two case studies about structural change in
organizational ecosystems. Chapter 2 focuses on the consequences of changes in market
structure on individual organizations’ life chances. In Chapter 2, | find that as
competitors dissolve and new ones become founded, organizations often shift into
disadvantageous positions in their markets. For example, particular patterns of
organizational dissolution and foundings can cause incumbent organizations to shift into
more central or “middle of the road” positions in their competitive landscapes. Even
though holding a central market position can increase an organization’s general appeal, I
find that shifts towards the market center are often disadvantageous for organizations that
already hold a balanced tradeoff between innovation and coherence to other
organizational practices. Shifting too far into the market center can erase the competitive
advantages that originally made an organization’s operation viable. Similarly, | find that

as the diversity of competitors’ offerings increase and the dimensions across which



organizations compete shift, organizations’ competitive relationships often compress,
such that formerly diffuse competitors get pushed into closer competition. This too
reduces organizations’ survival chances.

Chapter 3 explores factors that suppress changes in the distribution of
organizational offerings over time and thereby increase market stability. Here too, I
hypothesize that the structure of organizations’ competitive relationships have important
consequences. Specifically, | propose that organizational offerings are more likely to
remain stable over time when the competitive relationships among incumbent
organizations are more clustered. | refer to this process as niche redundancy and | predict
that this encourages market stability for two specific reasons: 1) Niche redundancy makes
niches more durable and therefore stabilizes the structure of organizations’ competitive
relationships. This prevents organizations within particular market niches from shifting
into disadvantageous positions following the dissolution of one or two organizations in
otherwise vulnerable market niches, thereby preventing further cascades of dissolution in
particular sections of the market. 2) Niche redundancy makes the boundaries between
current market niches more visible to entrepreneurs. Because entrepreneurs often seek to
adhere to current industry practices, and their adherence to industry practices is limited
by their ability to perceive market niches (Fleischer, 2009; Pontikes, 2012; Rosa, Porac,
Runser-Spanjol, & Saxon, 1999; Santos & Eisenhardt, 2009), niche redundancy’s
influence on the visibility of market niches effectively suppresses entrepreneurial

innovation and variation in new organizational offerings.



To study changes in the structure of organizations’ competitive relationships, I
examine a combination of crowd-sourced business data from Yelp.com (Yelp, 2019) and
socioeconomic information from the American Community Survey (Census Bureau,
2009). The Yelp dataset contains separate, cross-indexed matrices that describe
approximately 140,000 businesses, 1,030,000 users who reviewed those businesses, and
4,150,000 reviews of those businesses within a purposive diversity sample of 11
metropolitan areas in America and Europe. In prior work, the Yelp dataset has primarily
been used to show how consumer perceptions of restaurant authenticity and atypicality
influences their evaluations of restaurants (Goldberg et al., 2016; Kovacs, 2013).
However, the Yelp dataset’s timestamped reviews, geocoded business locations, and
abundant metadata make it ideal for tracking patterns of founding and dissolution among
organizations as well. In particular, | focus on Yelp’s sample of restaurants within the
United States during the years 2011-2017. Restaurants are an ideal sample of study due to
their strong spatial-boundaries of competition, high diversity of offerings, great variation
across neighborhood populations, rapid turnover, and high structural inertia. Moreover,
restaurants are one of the earliest industries of study in organizational ecology (Freeman
& Hannan, 1983). Validation tests of the Yelp dataset’s quality are provided in both
chapters, however additional validation tests regarding sample quality are provided in the
appendix.

Overall, this project provides a framework for directly studying the basis of
market structures, and provides evidence regarding the antecedents and consequences of

structural changes in organizational competitive networks within small neighborhoods of



the restaurant industry. This project heeds decades-long calls to bridge ecological theory
with more inductive social network approaches (Breiger, 1995; Hannan & Freeman,
1993; Powell, 1990), and does so in a way that is substantially more satisfying than prior
attempts to do just this. Instead of simply using network analysis as a means to measure
organizations’ competitive relationships (Lomi & Pallotti, 2012; Podolny, Stuart, &
Hannan, 1996), | use social network analysis to understand changes in the meso-level
structures of organizations’ competitive relationships as a whole. My findings have
critical implications for organizational theory, particularly within the subfield of

organizational ecology.



2. Niche Compression and Niche Centrality in Competitive
Organizational Networks

2.1 Introduction

Studies in organizational ecology have demonstrated that organizations’ life
chances are strongly influenced by how their offerings are positioned within their
competitive environments; however, the field has a limited understanding about how
organizations’ competitive relationships are actually structured. Patterns of organizations’
competitive relationships result in the formation of larger market structures, such as
industries and niches (Hannan & Freeman, 1977). Organizations’ positions within these
competitive structures are critical for their survival chances. For example, organizations
tend to have much worse survival chances when they are in market niches that are
crowded, overly specialized, or adjacent to other expanding industry niches (Carroll,
1985; Dobrev et al., 2001; Freeman & Hannan, 1983; Popielarz & Neal, 2007). However,
organizational ecologists often theorize organizations as positioned into just a few
relatively stable ideal types of niches, such as generalists and specialists (Aldrich & Ruef,
2006; Baum & Shipilov, 2006). These approaches fail to capture the great amount of
heterogeneity in organizational offerings, and the fluidity of market structures over time
(Askin & Mauskapf, 2017; Goldberg, 2011; Kovéacs & Hannan, 2015). The literature’s
reliance on predefined market categories also limits the scope of ecological studies to
contexts that best represent the theory’s narrow conception of markets: mature industries
of large publically-held organizations (Aldrich & Ruef, 2006; Sutton, 1997).

Consequently, the field gives limited insight into how organizations compete at the
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neighborhood-level or within industries consisting of small and heterogeneous
organizations. A more complete theory about how organizations compete and markets
change likely requires a more nuanced model about how organizations compete.

Social network analysis may provide a solution to organizational ecology’s
inability to capture how markets are structured. Social network analysis is a theoretical
and methodological toolkit for examining how connections among social units lead to
emergent social structures (Burt, 2009; Freeman, 2004; Wasserman & Faust, 1994;
White, 2002). For example, social network analysis has been used to study organizations’
patterns of information flow, coordination, exchange, and power relationships (Brass,
Galaskiewicz, Greve, & Tsai, 2004; Fleming, Mingo, & Chen, 2007; Inkpen & Tsang,
2005). Network studies have enabled scholars to discover a range of relational processes
among organizations that result in observable industry trends. For example, there is a
tendency for producers to adjust their production cycles and marketing efforts based on
how they perceive the production cycles and marketing efforts of their competitors (Porac
et al., 1989; White, 1981). Likewise, patterns of shared organizational characteristics
appear to have strong influences on consumers’ evaluations of organizational offerings
(Goldberg et al., 2016; Pontikes, 2012). Although social network analysis is often applied
to the study of individuals and entrepreneurs, markets of organizations are very much a
type of social network, composed of competitive relationships across organizations that
depend on the same resources. By modeling patterns of competitive relationships among
organizations, social network analysis provides a means to better understand how markets

are structured as a whole. By clarifying how markets are structured, social network



analysis also provides a way to identify new mechanisms through which organizations
constrain each other’s life chances. These key strengths of social network analysis have
been underutilized in prior attempts to integrate organizational ecology with social
network theory (Lomi & Pallotti, 2012; Podolny et al., 1996; Whittington et al., 2009),
and may explain why social network analysis, despite its many advocates (Breiger, 1995;
Hannan & Freeman, 1993; Powell, 1990), is still not a dominant approach in studying the
structure of organizational ecosystems.

In this chapter, I model markets as networks of competition, and | examine how
subtle changes in a market’s competitive structure over time influence incumbent
organizations’ life chances. Through this theoretic approach, I identify two new
mechanisms of competitive constraint among organizations: niche centrality and niche
compression. Niche centrality refers to how an organization’s consumers and product
offerings compare with those of its competitors. An organization with high niche
centrality has more consumer and product characteristics in common with its neighbors
than most other organizations in its market. The organization is not necessarily crowded,
but its offering would appear to be relatively “middle of the road” next to its competitors.
Niche compression, on the other hand, describes the degree of differentiation in consumer
tastes and product offerings among organizations in a market. When organizations in a
market are highly differentiated, seemingly dissimilar organizations may have more
“compressed” competitive relationships, pushing them into tighter competition. |
hypothesize that both niche centrality and niche compression constantly change as an

organization’s competitors disband and new ones become founded. Although centrality is



often associated with positive outcomes in other contexts (Sauder et al., 2012;
Whittington et al., 2009), | predict that shifts towards the market center can make an
organization’s offerings become too “middle of the road,” and erase the competitive
advantages that originally made its operation viable. Similarly, I predict that as the
diversity of competitors’ offerings increase and the dimensions across which
organizations compete shift, organizations’ competitive relationships often compress,
such that formerly diffuse competitors get pushed into closer competition. This too may
reduce organizations’ survival chances.

| examine the effects of niche centrality and niche compression on organizations’
survival chances with crowd-sourced business data from Yelp.com and census tract
information from the American Community Survey (Census Bureau, 2009; Yelp, 2019). |
study a sample of approximately 24,000 geo-located restaurants located in seven U.S.
metropolitan areas, and | apply methods from network analysis, text analysis, and
geographic information systems to track how restaurants’ competitive relationships
change over time and space. | innovate by using both shared consumer and shared
organizational traits to identify the degree to which organizations compete, to study how
organizations’ offerings are positioned within their markets as a whole, and to model how
changes in organizations’ competitive environments affect their survival chances. This
chapter addresses the complexity of organizations’ webs of competitive relationships
directly, and focuses on how organizations’ competitive positions change through

exogenous market pressures over time. Moreover, this chapter’s theoretical approach
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provides a basis for discovering new mechanisms of competitive constraint and

demographic change across organizations.

2.2 Background

Organizational ecology studies how markets evolve over time through
analogizing markets as ecosystems, where organizations occupy distinct niches based on
their resource flows from consumers (Carroll, 1985; Hannan & Freeman, 1977;
McPherson, 1983). The ecosystem metaphor emphasizes how many organizations appear
to fail through no direct fault of their own, but rather through changes in their competitive
environments. For example, organizations’ survival chances appear to worsen when
organizations occupy dense or sparsely populated industries (Carroll & Hannan, 1989;
Carroll & Wade, 1991; Delacroix et al., 1989; Greve, 2002), offer relatively specialized
products during periods when their markets are less stable (Boone, Van Witteloostuijn, &
Carroll, 2002; Dobrev et al., 2001; Freeman & Hannan, 1983), or when organizations
have resource dependencies on organizations from different shrinking industries (Audia,
Freeman, & Reynolds, 2006; Stuart & Sorenson, 2003; Whittington et al., 2009).
Competition — defined by shared resource dependencies and product offerings — is often a
central mechanism influencing organizations’ survival chances in organizational studies
(Barnett, 1997; Echols & Tsai, 2005; Hannan & Freeman, 1977; Podolny et al., 1996).
Newly founded organizations draw consumers away from incumbent organizations
directly and indirectly through their influence on the structure of the market as a whole.

For example, resource partitioning theory observes that in industries where organizations
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compete by scale, (i.e. where small and large organizations compete more with medium-
sized organizations than they do with each other), there tends to be an indirect mutualistic
relationship between small and large organizations (Boone et al., 2002; Carroll, 1985;
Carroll & Swaminathan, 2000; Negro, Visentin, & Swaminathan, 2014). When scale-
based industries concentrate and large organizations expand their market shares, medium-
sized organizations tend to undergo increased competitive pressure and dissolve at higher
rates. This in turn provides competitive release for small specialist organizations, leading
to their proliferation. Put simply, organizational ecology illustrates that the structure of
competitive relationships among organizations has important effects on organizations’
survival chances.

Even though organizational ecology studies how competition affects
organizations’ survival chances, consumers and product offerings — the key resources
through which organizations actually compete — are notably absent from the literature.
Instead of measuring competition between individual organizations directly based on
their shared consumers and product offerings, organizational ecologists typically assume
organizations’ competitive relationships a priori based on how organizations fit within
defined ideal types of market niches (Aldrich & Ruef, 2006; Baum & Shipilov, 2006;
Cattani et al., 2017; Rosa et al., 1999). The criteria that scholars use to demarcate niches
tend to be loosely defined (Aldrich & Ruef, 2006; Popielarz & Neal, 2007), but more
often than not, organizational ecologists assume market structure based on the scale of
organizations, such that organizations of similar size are assumed to compete (Carroll,

1985; Carroll & Swaminathan, 2000). However, most consumers do not compare whether
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organizations share certain market categories, but rather whether organizations share
particular products and services (Askin & Mauskapf, 2017; Shocker & Srinivasan, 1979).
Many consumers even disagree about where organizational offerings even fit within
different market boundaries (Lena, 2012; Rosa et al., 1999). Consumer evaluations of
products are also highly dependent on the current competitive environment (Bothner,
2005; Kovéacs & Hannan, 2015); when market offerings change over time, so do the
criteria that consumers use to evaluate products (Carroll & Swaminathan, 2000; Navis &
Glynn, 2010; Ruef, 2000). Put together, this suggests that relying on broad industry
niches and predefined market categories to measure competition, rather than shared
consumers and product offerings, fails to capture the variability of consumer tastes and
market offerings across industries, fails to capture how many consumers actually choose
between organizational offerings, and consequently, fails to capture how organizations
actually compete, or how organizations’ competitive relationships are truly structured.
Organizational ecology’s failure to directly study organizations’ competitive
relationships also narrows its scope conditions in a way that puts the validity of the
field’s findings into question. Sensible application of ecological theory requires the study
of industries where organizations’ competitive relationships are most likely to fit within
their broad predefined market categories: mature industries consisting of large and
relatively homogenous publically-held organizations (Aldrich & Ruef, 2006). However,
such samples are problematic for two key reasons. First, large organizations are often
unlikely to follow organizational ecology’s assumption of structural inertia — that most

organizations are unable to react to environmental changes through directed action
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(Hannan & Freeman, 1977). When organizations are too slow to adapt to exogenous
changes, organizational ecologists can conclude that any observed long-term changes in
market practices come about through patterns of entrepreneurial founding and survival of
the fittest mechanisms. Yet large publically-held organizations are often very capable of
directed strategic action. Unlike many small organizations, large organizations have the
resources to market their goods or change their production cycles in ways that can help
them improve their competitive fit (Heugens & Lander, 2009; Hirsch & Lounsbury,
1997). This suggests that many patterns of organizational change in ecological studies
which are attributed to selection mechanisms may instead have resulted from patterns of
strategic action within those organizations. Second, mature industries often take a very
long time to change in an observable matter. This in turn requires organizational
ecologists to study most demographic changes in organizations over very long time
frames. However, studies over long time-frames often mask the more subtle and short-
term processes that underlie changes in organizational populations (Cattani, Ferriani,
Negro, & Perretti, 2008). For example, long-term studies of resource partitioning theory
assume that specialist organizations proliferate following market concentration due to
receiving a competitive release from the dissolution of medium-sized organizations;
however, shorter-term studies and comparative analyses suggest that this is due to the
tendency for concentration to give rise to consumer cultures which openly oppose large
organizations (Boone & Ozcan, 2014; Liu & Wezel, 2014). In sum, without studying
organization’s competitive relationships directly, ecological studies are limited to

samples and methodological approaches that are highly prone to causal confounding.
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2.3 Theoretic Approach

To understand how organizations’ competitive relationships are structured and
how structural changes in organizations’ competitive relationships influence their
survival chances, | study markets as networks of competition among individual
organizations. | principally draw theory from social network analysis, a toolkit for
studying how patterns of connections among social units lead to emergent social
structures and how social structures influence the well-being of their constituent social
units (Burt, 2009; Freeman, 2004; Wasserman & Faust, 1994; White, 2002). Social
network analysis has been used to reveal many important features about organizational
ecosystems. For example: networks of collaboration suggest that entrepreneurs have the
greatest access to novel information when their ties are from disparate cliques (Kogut &
Walker, 2001; Shipilov & Li, 2008); networks of competitive monitoring indicate that
companies usually attempt to advertise their offerings to be both similar and slightly
distinct from their competitors (Cattani et al., 2017; Porac et al., 1989; Rosa et al., 1999);
and networks of shared classifications reveal that consumers tend to negatively evaluate
organizations which hold atypical combinations of organizational classifications
(Goldberg et al., 2016; Pontikes, 2012; Zuckerman, 1999). Importantly, social network
analysis provides a means to describe the structure of a market with clear, unambiguous,
and mathematically derived definitions of complex relational concepts (Burt, 1987, 2009;
Moody & White, 2003; Wasserman & Faust, 1994). In other words, social network
analysis provides a means to inductively measure social structures from the bottom-up,
based on patterns of connections among social units (Lomi, 1995; Lomi & Pallotti, 2012).

15



With social network analysis, the broad market structures that organizational ecologists
study, such as industries and niches, no longer need to be assumed a priori. Instead
structures like niches can be determined empirically according to their original agreed-
upon meanings: as clusters of tightly competing organizations with similar resource
dependencies (Andrews, 1963; Bain, 1956; Burt, 2009; White, 1981).

Although social network analysis is typically used to study collaborative
relationships among individual people, I use social network analysis to study patterns of
competition among individual organizations. | assume that organizations compete to the
extent that they share both consumers and relevant organizational characteristics, based
on whichever criterion consumers appear to perceive as a relevant attribute. This
approach allows me to determine market structure inductively, and allows me to study
how market competitive structures vary across time and space. That is, instead of
assuming market structures are fixed, | allow for changes in market structures over time
and examine the consequences of market structure changes on organizations’ survival. |
predict that as an organization’s competitors dissolve and new competitors get founded,
the organization shifts to different positions within their competitive network. The field’s
understanding of these processes is limited, but I suspect that changes in organizations’
competitive positions are crucial to their survival chances. For a variety of reasons
explored further below, | expect that organizations which come to occupy more clustered
positions in their competitive networks, organizations which shift into more central
positions in their competitive networks, and organizations whose markets’ relevant

dimensions of competition change will have worse survival chances.
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For clarification, my approach differs from other applications of social network
analysis in organizational research in a few notable ways. The field of research into
supplier networks, for example, examines relationships of monitoring and trade among a
set of suppliers, with a primary focus in understanding how entrepreneurs perceive their
market structures and strategize based on these mental constructs (Porac et al., 1989;
White, 2002). Instead, this chapter focuses on networks of direct competition and patterns
of organizational dissolution. The classifications literature, on the other hand, takes a
similar approach to mine in assuming that product and market boundaries are arbitrary
and subject to change over time (Navis & Glynn, 2010; Zuckerman, 1999). However, the
classifications literature is primarily concerned with how patterns of category connections
affect consumer perceptions of market boundaries and consumer evaluations of
organizational products (Kovacs & Hannan, 2015; Pontikes, 2012). In contrast, my
approach makes relatively few assumptions about how individuals perceive product
spaces, and is generally unconcerned with consumer evaluations of organizational
practices. Instead, my principal concern is organizations’ survival chances, and my
central assumption is that organizations compete to the extent that consumers actually
choose between them and their neighbors.

This study’s approach differs substantially from prior attempts to bridge social
network analysis with organizational ecology. Whereas Podolny et al. (1996) and a few
subsequent works (Lomi & Pallotti, 2012; Whittington et al., 2009) use social network
analysis primarily as a tool for measuring organizations’ competitive overlap, I use social

network analysis for its principal strength: as a means for understanding the structure of
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organizations’ competitive relationships as a whole. In other words, 1 try to understand
how an organization is affected by all competitive relationships among its neighbors
(global market structure) rather than only by an organization’s own competitive
relationships with its neighbors (local market structure). Also, unlike work stemming
from McPherson’s (1983) ecology of affiliation, I do not define competition by shared
consumers alone. Instead, | define competition by both shared consumers and shared
product features to account for consumers’ varied tastes and abilities to purchase from a
variety of sources (Echols & Tsai, 2005). Moreover, unlike all previous work in this area,
instead of only examining how certain competitive positions at founding are associated
with survival, | am principally concerned with how short-term changes in organizations’

competitive positions influence their survival chances over time.

2.4 Specific Arguments

2.4.1 Competitive Crowding

Competitive crowding is a well-known source of environmental constraint in
organizational ecology, but it is studied here to orient readers to the advantages of
modeling markets as networks of competition. As indicated by its name, competitive
crowding refers to when an organization’s niche becomes “crowded” by competitors,
reducing its ability to capture resources and decreasing its survival chances. The concept
is intuitive, however, the field’s understanding of competitive crowding is limited by its
inability to parse competitive crowding from agglomeration effects. Most organizational

ecologists examine competitive crowding with population-based methods, based on the
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density of competitors that share an organization’s niche (Carroll & Hannan, 1989;
Kalnins, 2016; Liu & Wezel, 2014; Negro et al., 2014). However, density is confounded
by its correlation with a market’s carrying capacity — the availability of organizational
resources (Dobrev & Kim, 2006). Density as a measurement of competition is also
confounded by the spatial relationships among organizations. Consumers have a high
preference for geographic proximity (Haveman & Nonnemaker, 2000); consequently,
competition between organizations tends to be highly spatially bounded (Baum &
Haveman, 1997). This is the case even in non-consumer-oriented industries; for example,
banks suffer greater competitive constraint from physically proximate competitors than
from competitors across the nation (Greve, 2002). However, measurements of density
usually focus on population counts within particular regions of an industry. A proper
measurement of competition should account for the spatial relationships among
competing organizations.

Previous attempts to overcome density’s weakness as a measurement of crowding
include taking a network-oriented approach to competition by measuring the degree of
structural equivalence between two organizations’ offerings and resources (Burt, 1987).
For example, Podolny et al. (1996) measure crowding in the semiconductor industry by
the degree of patent similarity between two firms, and Lomi and Pallotti (2012) measure
crowding in the hospital industry by the degree of shared patients between two hospitals.
The difficulty here is that measurements of structural equivalence treat diffuse
competitors as obstacles to an organization’s life chances (Burt, 1987), when in fact,

organizations with slight degrees of structural equivalence often yield the largest
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agglomeration spillovers (Baum & Shipilov, 2006; Delacroix et al., 1989). For example,
organizations often benefit from having at least a few competitors due to spillovers in
infrastructure (e.g. transportation costs), labor pools, legitimacy, development of shared
cultural identity, and other direct relational advantages (e.g. transfer of knowledge)
(Baum & Oliver, 1992; McCann & Vroom, 2010; Saxenian, 1996; Whittington et al.,
2009).

Therefore, instead of measuring competitive crowding as the sum of competitors’
niche overlap, | measure competitive crowding as an organization’s degree of
competition with its closest competitors. Because my study focuses on the effects of
short-term changes in organizations’ competitive relationships, it circumvents potential
confounding effects from market carrying capacity, which is much less dynamic than
changes in competitive crowding. This approach is elaborated in Figure 2.1a, which
depicts a neighborhood of competing organizations across three points in time. Within
each subgraph of Figure 2.1a, organizations are positioned in a two dimensional network
of competition based on their degree of niche overlap with each competitor, such that
organizations with more niche overlap are positioned closer together. At Time 2, three
new organizations become founded in the market. These new organizations have high
niche overlap with the focal organization, but relatively limited niche overlap with the
rest of the competitive environment. Consequently, the focal organization becomes
crowded and dissolves by Time 3, whereas no other organization’s degree of crowding
had changed over this period. Based on this measurement of competitive crowding, |

expect that:
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Hypothesis 1: Organizations which become increasingly crowded over time have

increased hazards of mortality.

Time 1 Time 2 Time 3
Organizations positioned by | Blue organizations founded, Resulting demographics
similarity Black organization dissolves

Figure 2.1a: Hlustration of Competitive Crowding

2.4.2 Niche Centrality

Niche centrality refers to the average similarity among an organization’s offerings
with all competitors in the market. The most central organization in a competitive
network is more similar to all of its competitors than any other organization in the
network. An organization that occupies the center of its competitive network could
therefore be said to have “middle of the road” offerings. This measurement has
conceptual similarity to niche generalism, but differs in a few key ways. Like niche
generalists, central organizations tend to cater to a broad variety of consumers (Carroll,
1985; Dobrev & Kim, 2006). However, niche centrality is defined by an organization’s
appeal relative to its competitors, rather than its appeal to all consumers. Take, for

example, a diner in a Little Italy: the diner might offer a wider variety of goods and
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appeal to wider array of American tastes than most restaurants in Little Italy, but its
features are different from most of its competitors, so it likely has low niche centrality.
Instead, a central organization in Little Italy is one that provides middle of the road
offerings in reference to other producers, such as an Italian restaurant with a diverse
menu. Also unlike niche generalism, niche centrality does not necessarily imply an
organization’s degree of competitive crowding. An organization may be relatively middle
of the road, but also offer distinct products from its competitors. For example, a diner
located near a Waffle House, pizza shop, gyro shop, steak house, and Mexican restaurant
is likely more similar to all of its competitors than its competitors are to each other;
however, its offerings are so different from its competitors that it is unlikely to be highly
crowded. In fact, whereas resource partitioning theory sometimes describes generalists as
being in the middle of their markets (Negro et al., 2014), my approach would likely
classify middle-sized or “semi-peripheral” organizations as niche centrists.

Centrality is often associated with positive outcomes in other social systems
(Sauder et al., 2012; Whittington et al., 2009), but I predict that shifting to an overly
central position in one’s competitive network is disadvantageous. Organizations which
shift to overly central network positions have few characteristics that truly distinguish
their offerings from their competitors. It is likely that most organizations are founded
toward the “competitive cusp” of their markets (Porac et al., 1989), where their offerings
mostly conform to others in the market on all but a few dimensions (White, 1981; Xu &
Ruef, 2004), and it is likely that this is indeed an optimal strategy for producing a

runaway success (Askin & Mauskapf, 2017; Baum & Haveman, 1997; Uzzi, Mukherjee,
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Stringer, & Jones, 2013; Uzzi & Spiro, 2005). However, as the offerings of an
organization’s competitors change, so too will its level of centrality. Over time, as
competitors dissolve and new ones are founded, the organization may shift towards a
more central position in its competitive network. This will likely cause an organization to
lose the key traits that had differentiated itself from competitors, and therefore worsen its
survival chances.

An example of centrality’s effect on organizations’ survival chances are
illustrated in Figure 2.1b. At Time 1, organizations are positioned in a two dimensional
network, where close organizations have higher niche overlap and the black organization
is relatively peripheral in its market. However, at Time 2, the composition of the network
changes dramatically: Four phenotypically similar restaurants across one dimension of
the competitive network dissolve, and two organizations with wholly different
phenotypes on that dimension are founded. As a result of these changes, by Time 3, the
organization that was most central at Time 1 is now relatively peripheral in its
competitive network and the black organization is now more central. | expect the black
organization’s survival chances to worsen.

In theory, an organization might gain advantages from increases in niche
centrality if it was already highly peripheral in its competitive network, as many
consumers find atypical products off-putting or wholly unrelatable (Goldberg et al., 2016;
Kaufman, 2004; Pontikes, 2012). However, this condition is very rare. According to the
data in this study, very few highly atypical organizations become substantially more

central in their competitive networks over time; most shifts in centrality occur for
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organizations that were previously near the center of their competitive networks.
Therefore, | predict that:
Hypothesis 2: Organizations which become increasingly central over time have

increased hazards of mortality.

. 3
°° o) |07 e © o

Ooo 9 O | \O Og

Time 1 Time 2 Time 3

Organizations positioned by Outlined organizations New niche space;
similarity; Black peripheral dissolve; Blue founded Black more central

Figure 2.1b: Illustration of Shifting Niche Centrality

2.4.3 Niche Compression:

There is little analogue for niche compression in the literature, but the concept is
intuitive. An organization’s intensity of competition with any other organization is
influenced by the structure of the competitive network as a whole. For instance, in an
emergent market, organizations tend to have more general offerings and have less in
common with their close competitors than they do in mature markets (Ruef & Patterson,
2009). Consequently, seemingly large differences in competitor’s practices are often less
determinative of organizations’ competitive intensity in emergent markets than in mature
markets. Take, for example, a pizza restaurant and a diner in a small town: these
restaurants have little overlap in their offerings, but if there are only a few other
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restaurants in the town, these restaurants, on a relative scale, might have enough in
common to warrant intense competition. In this example, | would characterize the
competitive network as highly compressed. A reverse example of niche compression is
apparent in ethnic enclaves, where the diversity of product offerings is often narrow. For
example, almost all of the restaurants in New York City’s Little Italy offer Italian food.
This might suggest that restaurants in Little Italy have high niche overlap, and are
consequently all in tight competition with each other. However, the competition among
Little Italy’s restaurants is still highly structured. Like many consumers of niche products
(Dellarocas, Gao, & Narayan, 2010), frequent restaurant goers in Little Italy likely have
particularly refined tastes for Italian food, such that they choose between Italian
restaurants based on seemingly narrow attributes. For example, some restaurant goers
might prefer Italian restaurants that specialize in pastas, others might prefer Italian
restaurants that specialize in seafood, etc. In this case, small differences in product
offerings are more consequential to Italian restaurants’ competitive intensity than they
would be in other contexts. In this case, | describe Little Italy’s competitive network as
uncompressed: phenotypically similar restaurants are in less competition than they would
be in other settings.

Importantly, | predict that changes in the dimensions that organizations compete
across influence their survival chances. Specifically, I expect that as a markets’
competitive dimensions become wider over time, incumbent organizations’ competitive
relationships become compressed, such that formerly diffuse competitors enter into more

intense competition with each other. For example, if entrepreneurs were to establish
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various traditional American genres of restaurants in Little Italy, the apparent difference
among Little Italy’s Italian restaurants would likely decrease and Little Italy’s niche
space would compress, leading to increased competitive crowding within the Italian
portion of the market. This idea is illustrated visually in Figure 2.1c. Again, organizations
are positioned in a two dimensional network where closer organizations have higher
levels of similarity and competition. At Time 2, many new restaurants are founded and
occupy peripheral positions in the competitive network, widening the average distance
among competitors. At Time 3, however, niche space compresses, and market
incumbents enter into closer competition. To clarify, the underlying mechanism of
dissolution in this example is still competitive crowding, but the mechanism through
which competitive crowding comes about in this example differs from that in Hypothesis
1; instead of organizations becoming crowded by the founding of direct competitors, they
become crowded by shifts in their markets’ competitive dimensions. Overall, this is likely
to worsen organizations’ survival chances:

Hypothesis 3: Niche compression increases an organization’s hazard of mortality.

26



© @ ©O
O OO O
O O C@ O
OOO C@

® O
@ O O

Time 1 Time 2 Time 3
Organizations positioned Blue organizations founded | Niche space compresses;
by similarity Competition increases

Figure 2.1c: lllustration of Shifting Niche Compression

2.5 Data

| draw data primarily from the January 2017 edition of the “Yelp Dataset
Challenge” (Yelp, 2019), a publically available sample of data from the crowd-sourced
business review platform, Yelp.com, and data from the American Community Survey
(Census Bureau, 2009). The Yelp dataset contains separate, cross-indexed matrices that
describe approximately 140,000 businesses, 1,030,000 users who reviewed those
businesses, and 4,150,000 reviews of those businesses within a purposive diversity
sample of 11 metropolitan areas in America and Europe. Yelp’s user base principally use
Yelp for reviewing restaurants. Its metadata includes detailed information about
restaurant addresses, offerings (e.g. price, genre) and features (e.g. hours, ambience). Its
review data vary from 1 character to 9,300 characters and are indexed by date and user.
In prior work, the Yelp dataset has primarily been used to show how perceptions of
restaurant authenticity and atypicality influence restaurant evaluations (Goldberg et al.,

2016; Kovacs, 2013). However, the Yelp dataset’s timestamped reviews, geocoded
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business locations, and abundant metadata make it ideal for tracking patterns of founding
and dissolution among organizations as well. The American Community Survey, on the
other hand, is a survey conducted by the U.S. Census that provides annually updated
estimates of household characteristics across small geographic areas (e.g. census tracts).
It was designed relatively recently with the intent of replacing the decennial census long
form. It has been used in a variety of recent studies (O’Brien, 2017; Sharkey, 2014), and
is the premier dataset for exploring geographic patterns of socio-economic trends across
the United States.

| focus my analysis on the restaurant industry because restaurants are ideal for
testing my hypotheses. Restaurants have low margins and rapid turnover, making
restaurants particularly sensitive to fluctuations in demand (Carroll & Torfason, 2011).
Due to their relatively uniform means of production, restaurants’ survivability is
principally based on how their offerings appeal to consumers, reducing potential
confounding from unobservable differences in production (Carroll & Torfason, 2011). In
addition, restaurants are highly inertial; most restaurants are unable to substantially
change their practices or offerings after founding. For example, within a random
subsample of 100 restaurants in the dataset, | was unable to identify any restaurants that
substantially changed their menus since their foundings. This satisfies my assumption
that organizations are generally unable to adapt to their competitive environments, and
more specifically, that unobserved differences in organizations’ abilities to respond to
environmental constraints do not confound my measurements of competitive constraint

on organizations’ life chances. Perhaps for this reason above all others, restaurants are
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one of the earliest industries of study in organizational ecology (Freeman & Hannan,
1983). However, restaurants are also differentiated across hundreds of identifiable and
meaningful dimensions (e.g. price, type of cuisine, ambience, hours, etc.). This great
variety makes the structure of the restaurant industry too complex for traditional
application of ecological theories (e.g. resource partitioning theory), but it provides an
excellent sample for testing my theory of markets as networks of competition. Lastly,
because consumers highly value proximity in the restaurant industry, competition among
restaurants is spatially bounded. This allows for substantial regional diversity in
populations of restaurants, and consequently, more diversity in the competitive structures
of this analysis.

To improve operational clarity, | exclude restaurants from the sample that are
unlikely to exert much competitive influence on others. For example, restaurants labeled
"Adult Entertainment”, "Airports”, and "Amateur Sports Teams" are excluded from the
sample because few restaurant goers ever choose between going to strip clubs, airports,
or sports stadiums over typical restaurant options. A full list of these exclusions is
provided in the appendix. Given that multimarket contacts tend to compete diffusely
(Haveman & Nonnemaker, 2000; Prince & Simon, 2009), and prior evidence that chain
restaurants have negligible effects on the survival chances of other restaurants (Carroll &
Torfason, 2011), | exclude chain restaurants from the sample. Although Yelp.com
provides data for all businesses since the website's inception in 2004, validation analyses
(Appendix A) suggest that Yelp’s dataset does not reach saturation until 2011. Left

truncation can severely bias hazard models (Allison, 2014), therefore I only track the
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survival patterns of restaurants founded since 2011. However, | use the entire sample to
determine restaurants’ competitive positions within their markets. In addition, in order to
avoid cross-national confounding, I limit the sample to restaurants located in the United
States. The resulting sample includes organizations from the following seven
metropolitan areas: Charlotte, Cleveland, Las Vegas, Madison, Phoenix, Pittsburgh, and
Urbana-Champaign. To ensure that all restaurants are located in urban locations, |
exclude restaurants in the dataset that are located more than 50 miles from any city center
or are located over 0.5 miles from the nearest neighboring restaurant. These restrictions
result in a total sample of 24,862 restaurants used for estimating each restaurant’s
competitive environments, and 10,745 restaurants founded since 2011 whose survival

patterns are modeled.

2.5.1 Models

| use piecewise exponential models (PEM) to study how an organization's
position in its competitive network is associated with its hazard of mortality over time.
PEMs are a common method in event history analysis for studying factors that lead to
uncommon events, especially in studies of organizations and entrepreneurship (Burde,
2018; Kacperczyk & Younkin, 2017; Sgrensen & Stuart, 2000). The central advantage of
PEMs over traditional OLS regression is that PEMs account for censorship (Allison,
2014). Many organizations dissolve early during the period of analysis, therefore, there is
no available information about such organizations after they dissolve. This missing
information would cause significant censorship bias in OLS regression, which assumes

that respondents who drop out of a study do so for reasons unrelated to the study. Instead,
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PEMs treat censorship as non-informative by removing organizations from the risk set
after they dissolve. This means that censored organizations only contribute to hazard
estimates during the time-intervals during which they had been operating. PEMs also
have the advantage of being semi-parametric: they do not assume that the distribution of
hazards are constant across time, or that hazards follow a particular predefined
distribution of probabilities (as is the case in regression models). Instead, piecewise
regression only assumes that the hazard function is constant within a series of breakpoints
(intervals of analysis). Following a series of supplemental analyses provided in the
results, | break the age scale (in years) at 0-0.5, 0.5-2.5, 2.5-4.5, and 4.5+.

| assess if the association between my key independent variables and restaurants’
survival chances is robust to model specification by estimating three nested models: one
that includes all parameters of interest other than niche centrality and niche compression,
one that only excludes a parameter for niche centrality, and one that includes all
variables. Afterwards, | test whether centrality and compression actually improve model
fit by measuring each model’s Akaike information criterion (AIC) (Sakamoto, Ishiguro,
& Kitagawa, 1986). AIC measures the maximum likelihood of each model while
penalizing for each additional estimated parameter, such that models which are overfit
will have worse AIC than models with fewer parameters. | also conduct several
supplemental analyses (provided upon request) within smaller samples of the data.
Specifically, | estimate the same models on subsamples that only include businesses that
had operated within specific U.S. cities, and within subsamples of dense, moderately

populated, and sparse competitive environments (density > 50, 50 > density < 20, and
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density < 20). Each of these supplemental analyses yield substantively similar results to
those reported in this manuscript. However, due to their size, models on subsamples of
just Phoenix and Las Vegas appear more consistent with those reported in the results than

parameter estimates within smaller cities (Champaign and Madison).

2.5.2 Measuring Competition

Measurements of competition inform all key independent variables in this
chapter’s analyses; consequently, I take a careful, multi-step approach to assessing how
much each pair of organizations in the dataset compete. My ultimate goal is to estimate
each restaurant’s degree of competition with each other restaurant in the dataset on a 0.0-
1.0 scale, where 1.0 represents two restaurants with an extreme degree of competition and
0.0 indicates restaurants with no competitive relationship. With this data, | can derive
measurements about the structure of each organization’s competitive networks
inductively.

| use both shared consumers and business attributes to inform my measurements
of competition. This is in contrast to traditional duality approaches that measure
competition as the extent to which two organizations share the same consumers (Breiger,
1974; Lomi & Pallotti, 2012; McPherson, 1983), or more recent approaches that weight
restaurants’ number of shared reviewers by the similarity of reviews left (Kovécs, 2013).
I had initially attempted to measure competition by shared reviewers and reviewer
evaluations, but these measurements were found to be imprecise. This is because

consumption patterns alone do not account for the particular functions that organizations
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serve to consumers. Take for example a bagel store and kosher restaurant in Crown
Heights, Brooklyn. Due to their proximity and their Jewish cultural heritage, they often
cater to the same sorts of people. However, their offerings and services are quite
dissimilar; bagel shops are typically delis that operate during the morning, whereas
kosher restaurants usually offer wait-service and operate during lunch and dinner hours.
Consequently, even if bagel stores and kosher restaurants cater toward the same types of
consumers, it is unlikely that these restaurants compete to that great of an extent;
individuals likely do not often choose between bagel stores and kosher restaurants when
deciding on a meal. Instead, these restaurants’ shared consumer bases reflect the fact that
they cater to people with the same sets of tastes. My measurements of competition are
therefore chiefly based in restaurant attribute similarity; however, | use consumer data to
help inform which restaurant attributes are modeled as salient to restaurants’ competitive
relationships.

Yelp provides metadata on many restaurant characteristics, but some of its tags
are unlikely to influence restaurant competition. For example, when an individual
chooses between two delis for lunch, it seems unlikely that their ultimate choice would be
informed by whether one restaurant offers catering services. To eliminate such tags from
my measurements of restaurant attribute similarity, I construct a null model that tests
whether consumers actually have preferences for a given attribute. Specifically, I test
whether each tag in Yelp’s metadata shares more consumers than would be expected by
chance. I first build a matrix with rows and columns representing unique Yelp tags, and

cells representing the number of restaurants that have that particular tag and share a Yelp
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reviewer. | then construct a null model of shared tags by shared reviewers by randomly
mixing the current distribution of tags and reviews (bootstrapped 100 times). The
diagonals in the null model indicate the proportion of restaurant tags that would share
reviewers if consumers had no preference for any particular tags. The ratio of diagonals
in the matrix informed by reviewers to the diagonals in the null model indicates the rate
that tags are tied relative to chance. For example, restaurants with the "Breweries" tag
were 5.63 times more likely to share consumers than would be expected by chance;
whereas restaurants with the "Caterers" tag were exactly 1.00 times (equally) likely to
share consumers than one would expect by chance. Any tag with an odds ratio of 0.95-
1.05 were deemed uninformative of consumer habits and not factored into restaurant
product similarity.

Nonetheless, because Yelp’s data is crowdsourced, many tags in the metadata
were still found to be poorly correlated with whether consumers that had reviewed a
restaurant ever mention the tag in their reviews. For example, restaurants with the tag
"Salad" actually had fewer occurrences of the word “Salad” in their reviews than
restaurants without the “Salad” tag. The “Salad” tag may have gotten through the initial
tag screening due to its co-occurrence with other salient restaurant traits. | therefore
generate a new set of variables that count the proportion of each Yelp restaurant’s
reviews that include each tag in Yelp’s metadata. For example, | determine what
proportion of each restaurants’ reviews mention the word “Salad.” I also generate a set of
variables that count the proportion of terms from Yelp’s metadata that are located

adjacent to “place” terms (e.g. “Joint,” “Place,” “Restaurant”). For example, I estimate
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the proportion of times that reviewers describe a restaurant as a “burger joint” in addition
to the proportion of times that reviewers use the word “burger.” These variables help
represent how consumers actually categorize each restaurant, rather than just how
consumers describe the restaurant’s offerings. These variables also provide a more
accurate means of identifying terms that represent genres of food (e.g. “French Bistros™)
and particular dishes (e.g. “French Fries”). For additional robustness, | search for another
611 common terms related to food (e.g. “rice”) pulled from a crowd-sourced list of food
terms available at enchantedlearning.com (Col, 1996), and collapse this information into
a set of 20 variables representing the principal components of patterns in food-term co-
occurrence. Put together, these steps yield a dataset consisting of all restaurants (rows) by
their shared tags and shared reviews that contained those tags (columns).

Finally I use the dataset of shared restaurant attributes to construct a similarity
matrix with Gower’s distance measure (Gower, 1971), weighted by each trait’s term-
frequency/inverse document frequency (tf-idf). That is, restaurants that share one
uncommon term (e.g. “Udon”) are assumed more similar than restaurants that share one
common term (e.g. “French Fries”) and restaurants with multiple shared terms are
weighted as most similar. | include manual increases for the weighting of variables that
represent chain restaurants and the twenty principal components of food terms to make
these attributes more important in the ultimate similarity matrix. The resulting matrix is
then inverse scaled from 0.0-1.0, where 1.0 indicates restaurants with identical features
(e.g. two restaurants from a local chain), and 0.0 indicates the most dissimilar pair of

restaurants in a dataset (e.g. an expensive vegan bistro and a cheap barbecue restaurant).
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To guarantee that the generated similarity matrix is indicative of competitive
relationships among all organizations, | negate ties that do not share catchment.
Catchment refers to the geographic distribution of consumers that organizations cater to.
Because restaurant consumers have high preferences for proximity, shared catchment is
the primary (although often overlooked) dimension that structures whether restaurants
compete. Catchment is highly associated with the potential size of an organization’s
consumer base; for example, hospitals have been estimated to have typical primary
catchment areas spanning up to 3.0 miles because they can proffer specialized services to
thousands of individuals in a given day (Guagliardo, 2004); whereas experts in food
access estimate grocery stores to have a primary catchment area of only 1.0 mile because
they provide more generalized services and cater to much smaller sets of consumers
(Ning, 2012). The catchment for restaurants is not well-understood in the literature, but it
seems likely that restaurants have multiple zones of catchment based on their principle,
secondary, and tertiary consumer bases by consumer frequency. To simplify these
measurements, | determine a primary catchment threshold for all restaurants, based on
patterns of consumer behavior. To arrive at these thresholds, 1 first run a series of null
models to determine how likely restaurants are to share consumers given a certain degree
of proximity. I find that consumers are almost twice as likely to go to restaurants that are
within a 0.5 mile radius of each other than expected by chance, but only 1.45x as likely to
frequent restaurants that are a mile apart, and precisely 1.00x as likely to frequent
restaurants that are 3.0 miles apart. | then merge weather data with my restaurant dataset

and estimate the average distances that reviewers had traveled from previous restaurants
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that they had reviewed during days where it was “moderately raining.” Again, individuals
appear almost twice as are likely to go to a restaurant within a 0.5 mile radius of a
restaurant that they had reviewed before; however, on a rainy day, individuals are no
more likely to go to a restaurant that is 1.0 mile from their nearest reviewed restaurant
than expected by chance. Based on these findings, | conclude that restaurants’ primary
catchment areas cover a 0.5 mile radius. For the sake of simplicity, | treat restaurants

located distances further than 0.5 miles as non-competing.

2.6.3 Variables

The dependent variable in all models is the event-time of closure based on age in
discrete six-month periods. Event-times of closure based on age are slightly less common
than event-times based on date closed, but this modeling choice is substantially more
intuitive given the short time-frame of analysis, lack of period effects, and substantially
greater variation in organizations’ survival chances by age than by year of analysis. Since
Yelp only provides an indicator for whether restaurants were marked as closed by
January 1, 2017; precise times for when organizations closed were approximated as one
month following the date of a restaurant’s last review (i.e. for restaurants that were
marked as closed). Because restaurants typically store resources to offset short term
disruptions in demand, changes in an organization’s competitive environment often have
a lagged effect on its closure (Carroll & Hannan, 1989). To capture this density delay,
restaurant closure dates are lagged by an additional six-month interval in each model of

restaurant survival.
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This chapter’s key independent variables are competitive crowding, niche
centrality, and niche compression. These variables are derived from mini samples of the
dataset which include all restaurants that had operated at any time during the past half
year and are within a restaurant’s primary catchment area (a 0.5 mile radius from the
focal restaurant). Supplemental analyses with other distance thresholds (0.25 miles, 1.0
mile, and 2.0 miles) were attempted and yield substantively similar estimates to those
reported in the results. Competitive crowding is estimated as the mean similarity between
a restaurant with its top 5% most similar competitors. This variable represents a
measurement that is very similar to the local clustering coefficient of a node in an
unweighted network. Niche centrality measures the mean similarity between a restaurant
and all of its local competitors. Since all competitive networks are estimated from a
similarity matrix, this measurement of niche centrality is identical to a measurement of its
harmonic (or weighted) centrality. Finally, niche compression is measured as the inverse
mean similarity among all competitors in a focal restaurant’s competitive network. Niche
compression is a market-level measurement that only varies according to an
organization’s geographic position; two restaurants positioned at the same exact location
will have the same degree of niche compression. Due to its dependency on the
relationships among all market incumbents, niche compression is, in fact, only
moderately correlated with niche centrality.

Of core interest are how changes in these independent variables over time affect
organizations’ survival chances. To capture these changes, | include a transformation for

each independent variable that measures the percentage difference in that particular
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structural attribute from the prior six-month interval. For example, | include a variable
titled “A compression,” which measures the percent change in an organizations’ degree of
niche compression since the prior interval. To avoid undue influence from extreme
outliers, | cap each of these variables at the 1%t and 99" percentiles. Moreover, to remain
consistent with my hypotheses, each of these variables are transformed to represent only
increases in competitive constraint; negative changes are set to 0.0. However,
supplemental analyses attain substantively similar results without capping outliers or
transforming negative values.

A fortuitous advantage of examining variables that measure changes in
organizations’ competitive environments is that these independent variables are not
influenced by time-invariant and between-restaurant factors that are associated with
restaurants’ positions within their competitive environments. Whereas prior work
typically estimates the effect of competition on organizations’ life chances by comparing
the survival chances between organizations with different initial competitive positions,
organizations’ initial competitive positions tend to be associated with many other
organizational and environmental traits (Lomi, 1995). For example, more specialized
organizational forms are much more common in dense markets (Ruef & Patterson, 2009),
which implies that the association between specialization and organizations’ life chances
might be confounded with market density. In this particular dataset, competitive
crowding tends to be associated with population density, and some genres of restaurants
(e.g. diners) tend to hold more central positions in their competitive networks than other

genres of restaurants (e.g. tapas bars). However, these attributes are virtually uncorrelated
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with changes in organizations’ competitive environments. For example, changes in
density are not generally associated with changes in competitive crowding. The
relationship between changes in organizations’ competitive environments and their
survival chances is therefore less prone to confounding from spurious environmental and
within-restaurant attributes. Studying the relationship between changes in organizations’
competitive environments with their survival chances also simplifies parameter
interpretation by reducing the extent to which each parameter estimate is conditional on
the presence of other collinear terms in the model. These measurement advantages are
very much akin to those found in longitudinal fixed-effects modeling approaches
(Allison, 2009).

In addition to including control variables for restaurant age, | control for interval
of analysis, categorized as either 2011-2013, 2013-2015, or 2015-2017. Likewise, as an
added control for competitive constraint, | include independent variables for
organizations’ network density, which represents the number of competitors operating in
organizations’ neighborhood. To account for the potential survival benefits that come
from reputation effects through positive online ratings (Chevalier & Mayzlin, 2006;
Dellarocas, 2005), | provide controls for a restaurants’ current average Yelp review
(stars). Given evidence that organizations with atypical sets of traits have poor survival
chances (Goldberg et al., 2016; Hsu et al., 2009), | control for restaurant atypicality,
measured as the inverse of an organization’s minimum similarity to all other restaurants
in its city. | also control for neighborhood-level traits that may be associated with

restaurants’ survival chances via census-tract measurements of citizens’ median income,
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population density, unemployment for individuals over age 16, race (white), proportion of
residents who just moved to the local metropolitan area (migration), and rate of
residential vacancy. These variables are all drawn from the American Community
Survey, and reflect changes in consumers’ resources and preferences. Lastly, | control for

city-level variation in organizational resources with parameters for city of operation.

2.7 Results

Table 2.1 provides descriptive statistics for all modeled variables, split between
those that are time-varying and those that are time-invariant. These descriptive statistics
are based on the most recent information for each unique business in the sample founded
after 2011. The time-varying variables indicate the percentage increase or decrease in
each parameter over its previous observation (100 * (current — previous)/previous)). For
example, consistent with rates of economic growth over this same period, most
businesses experienced slight increases in their numbers of competitors over their final
interval of operation, with businesses having an average of 2.51% more competitors
during their final observation than during their second to last observation. Most changes
across the time-varying variables between each six month-interval appear subtle. This is

in large part due to most variables being capped at the 1% and 99" percentiles.
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Table 2.1: Descriptive Statistics

42

Mean SD Min Max
Local Competition
Density 251 711 -833 25.00
" Crowding 0.06 0.22 0.00 0.93
% Centrality 0.14 0.34 0.00 1.41
= Compression 0.46 1.05 0.00 4.19
E Restaurant Traits
) Atypicality 0.00 0.04 -058 0.74
S_-% Stars -0.01 0.04 -0.10 0.08
% Census Traits
S Income 0.02 005 -0.07 0.10
§ Population
3, | Density 0.01 0.03 -0.05 0.07
E Vacant 003 016 -022  0.33
White 0.00 0.02 -0.05 0.04
Migrants 0.05 024 -0.32 0.54
Unemployment -0.05 0.15 -0.27 0.25
Local Competition
Density? 0.29 0.42 0.01 2.27
Crowding 0.80 0.06 0.66 0.91
2 Centrality 0.70 0.06 0.58 0.81
& Compression 0.26 0.07 0.03 0.46
£ | Restaurant Traits
= Age 267 169 008  6.00
g Interval 2016.0 1.14 2011.0 2016.5
g Atypicality 0.11 0.06 0.00 0.44
& Stars 367 074 100 5.0
F | Census Traits
Income® 0.06 0.02 0.02 0.11
Pop. Density* 454 421  0.06 25.40
Unemployment® 0.07 004 001 0.22



Vacant® 0.13 0.11 0.01 0.50
Whited 077 017 0.9 099
Migrants® 0.05 0.05 0.00 0.20
City Sample Sizes
Champaign 132
Charlotte 1,360
Cleveland 1,730
Las Vegas 2,566
Madison 442
Phoenix 3,114
Pittsburgh 1,401

Note: All variables based most recent year from subsample of
10,745 unique businesses founded after 2011. Time varying
parameters measured as percent change from prior six-month
interval. Competition variables derived from all 24,265
competitors that operated after 2011 within 0.5mi radius of
focal business. Total business-intervals = 59,690. Census tract
variables based on the census tract that each business is
located within. a) Hundreds. b) Thousands. ¢) Thousands per
square mile. d) Proportion.

The time-invariant versions of crowding, centrality, compression, and atypicality
are based on direct measurements of organizations’ competitive networks and therefore
fall on a 0.0-1.0 scale. On average, businesses in this sample are located in
neighborhoods with above-median income, high population density, and high percentages
of white households. Rates of unemployment and vacancy in the sample appear slightly
higher than the national average. At the same time, there is considerable variation in the
socioeconomic status of each organization’s neighborhood. Many businesses reside in

neighborhoods that have low-income households, low population density, and high

proportions of ethnic minorities. This variation is also reflected in the mean density of
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businesses surrounding each focal business; some businesses are almost completely
isolated, whereas other businesses have over 100 competitors within a 0.5 mile radius.
Additional socioeconomic variation is indicated by the city sample sizes, which indicates
that most of the sample is located in Midwestern and Southwestern regions of the United
States.

Figure 2.2 depicts the percent of Yelp restaurants that dissolved during a given
week in their life-spans. | primarily use this hazard distribution to inform the break points
in my PEMs. Although there is significant week-to-week variation, overall patterns of
age-dissolution fall into clear trends that are highly consistent with those observed in
other industries (Fichman & Levinthal, 1991; Le Mens, Hannan, & Polos, 2014).
Organizations appear to have a grace period during their first year of operation, followed
by a sharp rise in rates of dissolution. This pattern reflects the tendency for many
organizations to have a stockpile of resources when they are first founded, improving
their ability to weather poor performance during their first year of operation. However,
by the middle of their second year of operation, most poorly-performing restaurants
appeared to have run out of reserved resources, resulting in increased rates of closure
during that period. Also consistent with past findings, the period following restaurants’
first two years of operation is again marked by lower rates of dissolution. This pattern
maps onto the trend for older organizations to have better-established routines of
operation as they age, and for most extremely poor-performing organizations to have
been weeded out of the sample by this point. Among restaurants that had opened prior to

January, 2014 (i.e. restaurants that were in the sample for at least three years), 36.5% had
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closed by January, 2017. This rate of dissolution is much lower than American Express’s
popularized estimate of 90% of restaurants that fail in their first year of operation, but is
relatively in line with contemporary estimates of restaurant closure in urban areas (Parsa,
van der Rest, Smith, Parsa, & Bujisic, 2015). At most, these numbers indicate a slight

coverage bias against restaurants that perform poorly during their early years of

operation.
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Figure 2.2: Hazard Plot of Yelp Restaurants

Note: Dots represent point estimates for percent of Yelp restaurants that dissolved during
a given week of their life-spans; the blue line represents a local polynomial regression
(LOESS) curve of these point estimates, and the surrounding grey lines represent the
LOESS curve’s standard error.

Figure 2.3 provides an example of a competitive network for an out of sample

taco shop in Durham, North Carolina derived with my technique for measuring

competitive networks. The labels on this graph indicate the names of individual
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restaurants that were available in this location as of January 1, 2017, the edges between
these nodes indicate highly competitive ties, and the colors of the nodes indicate whether
or not they had dissolved by January, 1, 2019. Importantly, ties among organizations are
highly assorted by whether or not they had dissolved by January, 1 2019; organizations
whose close competitors had dissolved over the period of analysis were also likely to
have dissolved. This illustrates the tendency for organizations in similar competitive
positions to undergo similar degrees of constraint from their competitive networks. It is
overall consistent with my theoretical premise that organizations’ competitive position

should influence their survival chances.

Local 22
(Blue Seafood
Dain's Burger Bach
o [ DelvliDI'S;_P:]ztzerial ‘Papa John's| |Subway
nternational Delights Jimmy John's . .
- _me Sushi
(Ninth Street Coffee| — {(pala's Indian]
L " Epachamo Dale's Indian |

Bali Hai

[Heavenly Buffaloes |

| Chubbi‘s
Cosmic Cantina

Ha + Hale

(Elmo’s Diner]| [Mad Hatter's |

Figure 2.3: Example of Competitive Network

Note: Competitive network pulled from an out of sample taco shop from Durham, North
Carolina as of January 1, 2017. Edges represent strong competitive ties among
restaurants. Red color indicates whether restaurant had closed by January 1, 2019.
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To convey a sense of how my measurements would map onto the structure of competition
among all restaurants in a city, | generate a contour sociogram of all competing
restaurants in Las Vegas, illustrated in Figure 2.4. This figure is derived from a network
of competition among all restaurants in Las Vegas, specifically where restaurants’
competitive relationships are not assumed to be constrained by proximity. Organizations’
competitive relationships are scaled down into a two-dimensional competitive matrix,
and are positioned on the graph by their degree of competition. Restaurants are overlaid
with contours that represent denser locations on the plot. I then use k-means clustering
(k=20) to cluster groups of more tightly competing restaurants, and I illustrate the most
distinctive term of each restaurant cluster on the graph (via tf-idf) above the center of
each cluster, scaled according to the size of that cluster. As indicated in this figure, when
the entirety of Las VVegas is measured as a competitive network, the terms “Pizza”, and
“Sandwiches” are relatively central in niche space, whereas “Dim Sum” and “Gelato” are
relatively peripheral. As a point of clarification, ice cream shops are not included in this
sample; gelato refers to restaurants that offer gelato for dessert (often high-end European-
styled restaurants). The terms also appear to cluster intuitively. The top of the graph
generally describes restaurants that serve Asian cuisine, the bottom describes restaurants
that serve alcohol, and the left describes restaurants that tend to be more expensive. It is
clear from this figure that the restaurant industry is a highly heterogeneous market, and

that restaurant niches fall across multiple dimensions of competition.
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Dim Sum

Chinese
Thai

Sushi Bars

Gelato Korean 3
Hawaiian

Price High

Cocktail Bars

Figure 2.4: Contour Sociogram of Niche Space in Las Vegas
Note: Figure derived from network of competition among all organizations in Las Vegas,
scaled into two dimensions. Organizations are positioned by similarity and are overlaid
with contours that represent denser locations on the plot. Descriptive terms of restaurants
on the graph are extracted via k-means clustering (k=20), positioned above the center of
each cluster, and scaled according to the size of each cluster.
Figure 2.5 illustrates the heterogeneity of restaurant competitive structures across

neighborhoods of Las Vegas. Areas of the map are overlaid with terms that represent

restaurant traits that are more central in that particular neighborhood of Las Vegas than
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Acai Bowls Fried Chicken

Bagels
Wine Bars Street Vendors
Persian/lranian
Thiwanese Salvadoran
Teppanyaki ~ Price High
Poke
Hookah Cheesesteaks
Bagels
Breweries
Asian
Latino

Figure 2.5: Common Terms in Las Vegas Neighborhoods

Note: Figure derived from geolocations of all organizations in Las VVegas. Terms
represent restaurant traits that are most uniquely central to the underlying neighborhood
in Las Vegas (identified via k-means clustering, with k=20, positioned above the center of
each cluster, and scaled according to the size of each cluster). Census tracts shaded by the
ethnicity of dominant residential minority.

anywhere else in the sample. Each census tract is shaded according to the dominant
minority ethnicity of residents in that tract. This figure indicates that there is a significant
amount of cross-neighborhood variation in how restaurant attributes are associated with
organizations’ competitive positions. The relationship between restaurant centrality and

neighborhood ethnicity attributes maps onto intuition. For example, “Teppanyaki” is
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more associated with niche centrality in areas with high Asian populations, “Salvadoran”
is most central in a neighborhood with a high Latino population, and “Price High” is most
central in Las Vegas’ downtown. This figure supports my decision to study restaurant
competition at the neighborhood-level rather than at the city-level, as is more common in
prior work (Freeman & Hannan, 1983). It seems likely that many attributes associated
with centrality at the neighborhood-level would be peripheral at the city-level.

Table 2.2 illustrates a correlation matrix of all time-varying variables modeled in
this chapter and a few key time-invariant variables. Cells in this matrix are shaded red
and blue to indicate the size of these correlations. Importantly, time-invariant
measurements of niche centrality have a moderate negative correlation with time-
invariant measurements of niche compression (Pearson's r = -0.40) and a strong positive
correlation with time-invariant measurements of competitive crowding (Pearson's r =
0.75). Not shown in this figure but perhaps as important, the time-invariant
measurements’ of restaurant’s competitive positions are correlated with many
time-invariant control variables. Fortunately, this chapter’s key variables — changes in
restaurants’ competitive positions — are only weakly correlated with each other and are
essentially uncorrelated with all other socioeconomic confounders.

| therefore turn to Table 2.3, which provides estimates from three nested
piecewise exponential models (PEMSs). These models estimate restaurants’ hazards of
dissolution based on their competitive environments, reviews, atypicality, age, cohort,
and socioeconomic environments. Each parameter estimate is reported as the log of the

hazard ratio. To make parameter estimates more easily comparable, all parameter
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Table 2.2: Correlation Matrix of All Variables

Interval

Age 0.49
Centrality (0.06)(0.01)
Compression (0.40) 0.01 0.07
Crowding 0.75 (0.02) 0.02 0.09
Deunsity 020 (0D02) 043 001 007
Pearson
A Unemployed (0.01) -0.00 -0.00 0.01 (0.11)(0.18) Correlation
Al\;ﬁg‘fallﬁ 003 002 001 001 (0.01) 0.06 006 - 10
A White (0.04) 0.00 0.07 (0.03)(0.04) 0.02 (0.04) (0.06) 0.5
A Vacancy (0.05) 0.07 (0.08)(0.01)(0.01)(0.01) 0.01 0.05 0.0 0.0
A Pop.Density 0.38 (0.08) 0.02 (0.06) 0.02 0.01 -0.00 0.05 005 0.06 05
A Income 011 000 009 003 (0.15) 017 (0.01)(0.05) 0.08 0.10 0.13
A Stars 0.00 -0.00 0.00 0.01 0.01 0.00 0.01 (0.01)(0.01) 0.01 0.03 0.1 Lo
A Atypicality 0.01 0.01 0.00 -0.00 -0.00 -0.00 (0.01)-0.00 -0.00 (0.01)-0.00 0.01 0.02
A COlllpL‘eSSiOll (0.01)(0.02)(0.02) 0.02 0.01 (0.02) 0.02 0.01 (0.09) 0.02 0.02 (0.01) 0.07 0.00
&Cen‘rrali‘r}f 0.06 (0.01)(0.01)(0.01) 0.01 001 000 002 001 (0.03) 0.06 001 008 007 (0.01)
A Crowding 044 008 -0.00 (0.01) 0.01 0.01 -0.00 -0.00 0.01 000 011 006 0.01 007 003 (0.01)
A Density 001 (D07) 004 (002)(001)(001) 001 001 000 000 002 (004) 001 001 (0.05) 003 (009)
~\'\_‘\\"‘. \.@\\\‘5 ) \\\\"‘ ‘;:‘\Qi\ C\“ 0\G\" o \\\C ~{\;}§'*, ) }QC". ‘g‘-.\:\\\c \\\\\"9 \0%;5 :\\:_\’\Q‘, R S\\\%&_’;r\\? 6}\\\“, .P_:‘,j' \:_'\H:}\
NS \)“\\\ RN N _::}M > S Ve &S 4
B Y S v 5
Yo D g v

Note: Pearson correlations among restaurant attributes. Darker red indicates more
positive correlations; darker blue indicates more negative correlations; white indicates
zero correlations.

estimates are standardized so that each coefficient represents the association of a one
standard deviation change in the independent variable with its hazard ratio. For example,
the parameter estimate for change in niche compression indicates that a one standard

deviation increase in niche compression multiplies an organizations’ hazard ratio by (100

*1—exp(0.06)) = 6%.
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Table 2.3: Piecewise Exponential Models for Restaurant Dissolution

52

Model 1 Model 2 Model 3
AlIC 21578 21536 21527
Local Competition
Density 0.02 (0.02) 0.03 (0.02) 0.03 (0.02)
Crowding 0.16 (0.01) *** 0.12 (0.02) *** 0.11 (0.02) ***
Centrality 0.08 (0.02) *** 0.08 (0.02) ***
o Compression 0.06 (0.02) ***
2 | Restaurant Traits
g Atypicality -0.01 (0.02) -0.00 (0.02) -0.00 (0.02)
& Stars -0.13 (0.02) *** -0.13 (0.02) *** -0.13 (0.02) ***
S| Census Traits
& Income -0.01 (0.02) -0.01 (0.02) -0.01 (0.02)
© Pop. Density 0.01 (0.02) 0.01 (0.02) 0.01 (0.02)
Vacant -0.03 (0.02) -0.03 (0.02) -0.03 (0.02)
White 0.01 (0.02) 0.01 (0.02) 0.01 (0.02)
Migrants 0.03 (0.02) 0.03 (0.02) 0.03 (0.02)
Unemploymt  -0.02 (0.02) -0.02 (0.02) -0.02 (0.02)
Local Competition
Density -0.13 (0.03) *** -0.15 (0.03) *** -0.15 (0.03) ***
Crowding 0.08 (0.03) * 0.17 (0.03) *** 0.16 (0.04) ***
Centrality -0.19 (0.04) *** -0.17 (0.04) ***
Compression 0.03 (0.03)
g Restaurant Age
£ 0.5-2.5 0.89 (0.08) *** 0.85 (0.08)*** 0.81 (0.08) ***
g 2.5-45 0.69 (0.09) *** 0.65 (0.09)*** 0.62 (0.09) ***
= 4.5+ 0.44 (0.12) *** 0.40 (0.12)*** 0.37 (0.12) ***
= Interval
= 2013-2015 0.26 (0.06) *** 0.26 (0.06) *** 0.27 (0.06) ***
:é’ 2015-2017 0.34 (0.06) *** 0.36 (0.06) *** 0.37 (0.06) ***
= | Restaurant Traits
Atypicality 0.53 (0.02) *** 0.50 (0.02)*** 0.49 (0.02) ***
Stars -0.15 (0.02) *** -0.15 (0.02) *** -0.16 (0.02) ***
Census Traits
Income 0.13 (0.03) *** 0.12 (0.03)*** 0.12 (0.03) ***
Pop. Density 0.11 (0.02) *** 0.10 (0.02) *** 0.10 (0.02) ***



Vacant 0.03 (0.02) 0.03 (0.02) 0.03 (0.02)
White 0.02 (0.03) 0.02 (0.03) 0.02 (0.03)
Migrants 0.00 (0.03) -0.01 (0.03) -0.01 (0.03)
Unemploymt  -0.05 (0.03) * -0.05 (0.03) -0.04 (0.03)
City
Charlotte 0.00 (0.18) -0.07 (0.18) -0.10 (0.18)
Cleveland -0.10 (0.18) -0.16 (0.18) -0.15 (0.18)
Las Vegas 0.89 (0.18) *** 0.98 (0.18) *** 0.97 (0.18) ***
Madison -0.11 (0.19) -0.16 (0.19) -0.16 (0.19)
Phoenix 0.53 (0.17) *** 0.47 (0.17)* 0.44 (0.17)*
Pittsburgh -0.13 (0.18) -0.20 (0.18) -0.20 (0.18)
Constant -3.83 (0.19) *** -3.78 (0.19) *** -3.75 (0.19) ***

Note: Time-to-event based on six-month intervals between 2011 and 2017. n = 10,745
unique restaurants; 59,690 business-intervals. Number of events =2833. All parameters
estimates reported in log odds. Change variables represent restaurant changes across
intervals ((current-previous)/previous). Parameters estimates for continuous variables are
all standardized to represent the effect of one standard deviation in the predictor.
Parentheses indicate standard errors. * = p<0.05 , ** = p<0.01, *** = p<0.001. Reference
City is Champaign. Reference Interval 2011-2013. Reference restaurant age 0.0-0.5.

The first segment of Table 2.3 illustrates time-varying parameters, which reflect
hazards associated with increases in these factors from the previous six-month interval.
Across each model, increases in crowding, centrality, and compression from the prior
wave are significantly associated with restaurants’ hazards for dissolution. These findings
support all three of this chapter’s hypotheses: increasing rates of competitive crowding
(Hypothesis 1), niche centrality (Hypothesis 2), and niche compression (Hypothesis 3)
are associated with worse survival chances. Moreover, differences in these models’ AICs
suggest that centrality and compression both have important influences on organizations’
life chances. The full model, represented in Model 3, has an AIC that is (21527- 21578=)

51 units lower than the model without niche centrality or niche compression represented
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in Model 1, indicating that Model 3 is significantly more likely to minimize information
loss than Model 1 (p = exp(-51/2); p < 0.001). In other words, Model 3 likely provides a
fuller description about the patterns that influence organizational survival than Model 1.

The time-invariant parameter estimate for centrality is negative and the time-
invariant parameter estimate for compression is not statistically significant; however,
these parameter estimates are not surprising. The time-invariant version of niche
centrality is highly conflated with particular restaurant attributes that tend to lower a
restaurant’s cost of operation and improve its general appeal (e.g. lower price, carry-out
services, common dish options, etc.). This variable does not reflect how changes in an
organization’s competitive environment can constrain its life chances, but rather which
sort of restaurant attributes are associated with survival. Likewise, niche compression is
an inherently dynamic process. The time-invariant version of this variable simply reflects
the degree of differentiation within an organization’s competitive environment. Both of
these variables are also likely to be confounded with entrepreneurial strategic behavior
and a market’s carrying capacity. In other words, they should not be interpreted as
contradictory to my hypotheses.

The time-varying parameter for stars is statistically significant. This variable has a
negative coefficient, indicating that positive changes in average Yelp reviews over the
prior interval are associated with reduced hazard rates. This variable does not just
indicate that restaurants benefit from reputation effects (as is the case in the time-
invariant version of this variable); it indicates that continued positive performance, net of

a restaurant’s displayed review score, is associated with improved survival chances.
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Since many scholars consider consumer evaluations to be practically synonymous with
an organizations’ performance, as a robustness test, I estimated a version of each model
without any controls for Yelp reviews. Somewhat surprisingly, excluding this control
variable had little substantial influence on the other parameter estimates; it seems that the
mechanisms that underlie consumer reviews and competitive constraint are somewhat
independent.

The remaining change variables in Table 2.3 have no statistically significant
association with a restaurant’s hazard rate. Readers may be surprised by the lack of any
effect for atypicality, but the variance for changes in atypicality is very low. Few
restaurants that were atypical at founding became less atypical over their life course, and
vice-versa. Changes in density too are not significantly associated with restaurants’
survival chances, and perhaps surprisingly, time-invariant estimates for density are
associated with reduced hazard rates. Density typically has a positive association with
dissolution; however, because the model already conditions for competitive crowding, the
parameter estimate for density probably only reflects agglomeration spillovers. In
addition, although none of the time-variant census tract variables are statistically
significant, supplemental analyses with greater lagged dependent variables do yield
statistically significant associations. This suggests that changes in census tract traits take
a longer time to affect restaurants’ survival chances than changes in restaurants’
immediate competitive environments.

Consistent with trends for organizations to dissolve at higher rates during their

adolescence (Fichman & Levinthal, 1991; Le Mens et al., 2014), the model estimates the
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highest hazard rate for organizations aged between 0.5 and 2.5 years old. Restaurants in
later intervals of analysis also have higher hazard rates, either suggesting market
saturation following recovery from the U.S. economic recession, or a possible coverage
bias in earlier years of the data. Consistent with a plethora of research in organizational
classifications and entrepreneurial strategy (Cattani et al., 2017; Goldberg et al., 2016),
the time-invariant measurement of restaurant atypicality is highly associated with
dissolution. On the other hand, some of the associations between census traits and
restaurant hazard rates are counterintuitive. | expected median household income to be
negatively associated with restaurant dissolution, given that income provides consumers
with more resources to purchase goods from restaurants, however, the association
between income and dissolution is positive. Likewise, | expected population density to be
associated with improved restaurant survival chances for the same reason, as a restaurant
in more populous areas should have a bigger pool of consumers to be able to service, but
the association between population density and restaurant hazard is also positive. The
effect of population density on restaurants’ survival chances is also consistent with city-
level parameter estimates for Las Vegas and Phoenix, which both have the highest
population density and the highest hazard rates. Perhaps these variables reflect the
tendency for real estate and other business expenses to be higher in high-income and
highly populated areas, which would likely reduce organizations’ survival chances.
Figure 2.6 supplements the piecewise exponential model results with hazard plots
for restaurants separated by whether the restaurant had a positive change in crowding,

centrality, or compression at a given age. Consistent with parameter estimates within
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Model 3 of Table 2.3, Figure 2.6 indicates that changes in each of these factors is
associated with increased hazards of mortality, and that changes in crowding appear more
associated with dissolution than changes in centrality or compression. More interestingly,
the association between these factors and restaurant dissolution appears to increase
during restaurants’ fourth year of operation. These age trends are based on a relatively
small proportion of the sample; nonetheless, they suggest that the independent variables
have different effects on restaurants’ hazards of dissolution throughout their life spans.
Therefore, as a sensitivity test, | ran another model that included interactions for
age=4.5+ with crowding, centrality, and compression. This new model’s results are
nearly identical to those presented in Table 2.3; however, as suggested by Figure 2.6, this
model finds that changes in crowding, centrality, and compression are more precarious
for older organizations than these changes are for younger organizations. These findings
may reflect the fact that young organizations are more resistant to environmental
constraints overall. On the other hand, |1 would have expected these environmental
resistances to wear off much earlier in organizations’ life cycles. This finding likely

warrants further exploration.
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Figure 2.6: Hazard Plot by Structural Change

Note: Lines represents a local polynomial regression (LOESS) curve of point estimates

for percent of Yelp restaurants that dissolved during a given six-month interval of their

lives. Curves labeled “Crowded,” “Centralized,” and “Compressed,” comprised of only
restaurants that had increased rates of crowding, centrality, or compression in that given
six-month interval. First half-year interval censored due to inability to track changes in

these parameters.

2.8 Discussion

Prior studies generally neglect to examine how organizations' competitive
positions change as their competitors dissolve and new competitors get founded, even
though change in market structure is often a central outcome in ecological theory (Boone
et al., 2002; Carroll, 1985; Carroll & Swaminathan, 2000). Moreover, prior research
generally assumes that organizations' competitive relationships are only structured across

broad industry niches, (Aldrich & Ruef, 2006; Baum & Shipilov, 2006; Cattani et al.,
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2017; Rosa et al., 1999), even though many markets are composed of a great variety of
organizational offerings and consumer tastes. Put together, these limitations have
narrowed the field’s understanding about how organizations constrain each other’s
survival chances through their mutual influences on their markets’ competitive structures.
With geo-located restaurant data from Yelp.com and census tract information
from the American Community Survey, | examined how competition constrains
organizations' survival chances. | modeled markets as networks of competition,
composed of dyadic pairs of competitive organizational relationships, which in aggregate,
generate complex market structures. Consistent with prior research, | found that
organizations in adjacent competitive positions are more likely to follow similar survival-
trajectories. However, | also found that organizations’ competitive positions tended to
shift over time as competitors dissolved and new competitors became founded, and that
such shifts had crucial effects on organizations’ survival chances. Even though centrality
in inter-organizational networks is typically perceived as beneficial to organizations'
survival chances (Sauder et al., 2012; Whittington et al., 2009), and cognates to niche
centrality like niche generalism are often associated with improved survival chances
(Boone et al., 2002; Dobrev et al., 2001), | found that organizations which had shifted
into more central competitive positions over time tended to have worse survival chances.
| also found that as the competitive dimensions of markets increased, incumbent
organizations’ competitive relationships often became compressed and more intense,
reducing their overall survival chances. This finding is consistent with an age-old

untested theory that the dimensions through which organizations compete should be able
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to change, and that these changes should affect organizations’ survival chances over time
(Hannan, Carroll, Dobrev, & Han, 1998; Peli & Nooteboom, 1999). In addition, with my
social network analytic approach, | was able to identify a measurement for competitive
crowding that is distinct from population-based measurements of competitive crowding
and substantially less prone to confounding through agglomeration effects.

This study demonstrates that there is a significant degree of variation in
organizations’ competitive positions within a single market, and that there is a significant
degree of variation in how particular organizational traits are associated with certain
market positions across geographic regions. Restaurants’ competitive relationships did
not fall across only one or two dimensions as is often assumed in prior work; instead, my
analysis of restaurants in Las Vegas indicated that there are a broad array of
characteristics that structure restaurants’ competitive relationships. Moreover, these
characteristics appeared to vary by region and spatial scale; for example, | found that the
characteristics associated with holding a more central competitive position differed
substantially across neighborhoods of Las Vegas. These differences were largely
reflective of neighborhoods’ differing consumer populations, suggesting that it is feasible
to attribute the restaurant industry’s broad array of market structures to its broad array of
consumer tastes.

My findings suggest that it is crucial to study how organizations’ survival chances
are linked to changes in their competitive positions over time. Traditional ecological
approaches that treat market structures as relatively static likely mask the competitive

mechanisms underlying the association between an organization’s competitive position
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and its survival chances. For example, | found a negative raw association between niche
centrality and hazard of dissolution; however, this association was primarily driven by
specific restaurant characteristics that were associated with niche centrality. When |
studied niche centrality as a dynamic process, | found the opposite relationship between
niche centrality and organizations’ hazard rates — increases in niche centrality reduced
organizations’ survival chances. Organizations founded in central market positions may
have characteristics associated with better survival chances, but organizations’ survival
chances only decrease as they shift into increasingly central positions over time through
exogenous market changes.

There are several limitations to this study. First, the dataset may have had
coverage bias; restaurants with wholly unappealing offerings may have not ever made it
into the sample, or may have been introduced to the sample long after they were actually
founded. I attempted to account for these potential biases to the best of my ability, but it
is uncertain to what extent these factors may have influenced my results. Second, my
measurement of catchment was relatively coarse. Limiting competition to a 0.5 mile
radius of the focal organization neglects the likely variation in organizations’ catchment
areas, and ignores organizations’ more diffuse competition from distant competitors. It is
also likely that the variability of parking, street shapes, and pedestrian travel times
complicates restaurant catchment areas. Third, it is unclear how generalizable this
chapter’s results are to other industries. Restaurants’ competitive relationships might not
represent organizational competitive relationships in more mature industries; large

organizations may have more complicated competitive structures based on variation in
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catchment, production cycles, and their capacities for directed adaptation to the market.
Fourth, it is unclear whether this chapter’s findings could be reproduced in other
industries, in large part due to the eccentricity of this chapter’s data. There are very
limited means to attain information about consumer habits or detailed information about
differences among organizations’ offerings in other industries. Finally, I encountered a
few unexpected findings. I did not expect for census tract income and population density
to be associated with a restaurant’s increased hazard rate, nor can I offer a satisfying
explanation for this trend. This raises slight concern about the validity of the data, or
(more likely) suggests that my models may have been over-specified. | also did not
expect for there to be positive interactions between competitive constraint and age on
restaurants’ hazards of mortality. Perhaps this is simply a result of a quirk in the data, but

it is certainly worth exploring further.

2.9 Conclusion

This chapter demonstrates the utility of modeling markets as networks of
competition among individual organizations and the importance of studying the structure
of networks of competition as a whole. A network theory of organizational competition
can improve our understanding about how organizations’ competitive relationships are
structured and how the structure of markets influence organizations survival chances. |
find that organizations’ competitive positions in their markets are highly dynamic, and
that increases in organizations’ degrees of competitive crowding, niche centrality, and

niche compression over time tend to reduce organizations’ survival chances. However,
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this leads to an important follow up question: If market structure is so dynamic, what
factors influence market stability? Perhaps there are particular structural configurations of
organizations’ competitive relationships that inhibit market change. Hopefully this
chapter’s findings will provide an advantageous theoretical position for exploring that

topic in the next chapter.
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3. The Effects of Niche Redundancy, Residential Succession,
and Organizational Maturity on Market Stability

3.1 Introduction

The competitive relationships among organizations in a market are highly
structured, and the offerings within markets are ever-changing. Organizations compete
according to their shared products and shared consumers (Echols & Tsai, 2005; Hannan
& Freeman, 1977; McPherson, 1983). In aggregate, organizations’ competitive
relationships comprise vast webs — or networks — of competition, with distinct structural
traits. For example, the tendency for organizations to fall into close clusters of highly
competitive relationships is the basis for market niches (Andrews, 1963; Bain, 1956).
These competitive structures are of primary interest to organizational scholars because of
their influence on individual organizations’ survival chances. Organizations in more
crowded or compressed market positions, for instance, tend to have high rates of
dissolution (Freeman & Hannan, 1989; Podolny et al., 1996). Over time, these
competitive mechanisms may lead to industry growth, or the expansion or contraction of
particular industry niches (Barnett & Amburgey, 1989; Carroll & Hannan, 1989;
Delacroix et al., 1989). Likewise, it is a well-documented phenomenon that industry
niches change over time. Market concentration, for example, often results in the demise
of particular industry niches and sometimes provides space for new niches to blossom
(Boone et al., 2002; Carroll, 1985; Carroll & Swaminathan, 2000; Dobrev et al., 2001).
Migration of human populations too can lead to changes in organizational offerings, both
through supplying a market with a more diverse array of entrepreneurs, and by increasing
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the number of consumers who demand non-locally available products (Aldrich, Cater,
Jones, Mc Evoy, & Velleman, 1985; Aldrich & Reiss Jr, 1976; Aldrich, Zimmer, &
McEvoy, 1989). However, studies of market evolution generally track the growth or
shrinkage of broadly-defined industry niches within industries composed of large
publically-held organizations over long time spans (Aldrich & Ruef, 2006; Astley, 1985).
In contrast, we know relatively little about how the structure of organizations’
competitive relationships influences or suppresses changes in organizational offerings as
a whole or across shorter time-spans.

Market stability — defined as the constancy of organizational offerings over time —
is an important outcome that is virtually absent from studies of organizational ecology,
but may have a strong association with a market’s competitive structure. Unlike market
turnover, market stability measures changes in the characteristics of market offerings
rather than the longevity of individual organizations. Markets which are more stable tend
to have reduced rates of entrepreneurial innovation and reduced survival chances among
innovative organizational foundings. However, at the neighborhood-level, market
stability likely has positive externalities for consumers by maintaining consumers’ access
to necessary goods (Hochstenbach & Van Gent, 2015; Hwang & Sampson, 2014).
Although understudied, there are likely many intuitive factors which influence market
stability. For example, residential succession likely affects market stability through
altering the distribution of entrepreneurial and consumer tastes in a market (Aldrich,
1975), and organizational maturity likely influences market stability through enhancing

the viability of organizations that engage in established practices and reducing the
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viability of foundings in new niches (Barnett, 1997; Haveman & Nonnemaker, 2000; Peli
& Nooteboom, 1999).

A less intuitive mechanism, but perhaps equally important to fostering market
stability, is the role of a market’s niche redundancy. Niche redundancy describes the
degree that organizations’ competitive relationships cluster into distinct and robust
competitive niches. In a market with high niche redundancy, there is a tendency for
multiple organizations to fill similar market niches (i.e. consume similar resources and
provide similar products) and for there to be relatively diffuse competition across
organizational niches. Niche redundancy likely improves the stability of a market by
ensuring the maintenance of a market’s competitive structure following the dissolution of
individual organizations. In markets with high niche redundancy, when one organization
within a niche dissolves, there will still be other organizations filling that niche. By
maintaining market niches, niche redundancy prevents shifts in a market’s overall
competitive structure and prevents remaining organizations from shifting into potentially
disadvantageous positions within the market. This in turn prevents further structural shifts
that might disadvantage organizations within particular niches. Niche redundancy might
also encourage market stability by discouraging entrepreneurial innovation. In markets
with high niche redundancy, market niches are likely more apparent to entrepreneurs. For
a variety of reasons, the increased perceptibility of market niches may motivate
entrepreneurs to adhere to existing market classifications, thereby suppressing innovation

and furthering market stability.
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In this chapter, I study how niche redundancy influences market stability within
neighborhoods of restaurants. Because market stability and niche redundancy are
inherently relational concepts that refer to the patterning of market offerings and
organizations’ competitive relationships, | study market stability and niche redundancy
by modeling markets as multidimensional networks of competition among individual
organizations. I classify neighborhoods with a more consistent array of organizational
offerings over time as stable, and | classify neighborhoods of restaurants whose
competitive relationships cluster into more well-defined niches as having high niche
redundancy. | test these mechanisms in a sample of 280 census tract clusters — or
neighborhoods — of restaurants, pulled from Yelp.com (Yelp, 2019). | also examine how
market stability is affected by other likely mechanisms of niche change identified in
previous research, including the effects of residential succession and organizational
maturity. This chapter builds on prior organizational theory by innovating both in its
outcome of interest and in its empirical approach to examining market structure. Its
findings also have important implications for studies in public policy that seek to

understand factors which affect local market stability.

3.2 Background

Previous research has identified a variety of mechanisms that influence the
dissolution, development, expansion, or reduction of broadly-defined organizational
niches. Chief among these mechanisms are exogenous factors that affect the availability

of resources to market incumbents. Shifts of consumers into and out of neighborhoods
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can affect the size of current market niches by changing the number of potential
consumers that can support existing organizations (i.e. its carrying capacity) (Boone et
al., 2002; Hannan & Freeman, 1977; McPherson, 1983; Taeuber & Taeuber, 1964).
Technological innovations, legal changes, and political turmoil can impact the suitability
of particular niches to a market’s environment by altering the availability of resources or
efficiency of practices that are required for organizations’ daily operation (Barnett &
Carroll, 1987; DiMaggio, 1994; Florida, 2005; Podolny et al., 1996). Even seasonal
changes in patterns of consumption can affect the viability of market niches, especially
those that appeal to more specialized consumer bases (Freeman & Hannan, 1983). Market
niches can also change through endogenous competitive mechanisms among market
incumbents. Market concentration, for example, often leads to the dissolution of semi-
peripheral niches and sometimes fosters the expansion of organizations in more
specialized industry niches (Boone et al., 2002; Carroll, 1985). Likewise, strategic
marketing and production behavior within organizations may affect consumers’ interest
in particular organizational offerings that can lead to the expansion or contraction of
particular market niches (Navis & Glynn, 2010; Porac et al., 1989; White, 2002).

Yet even though the literature in organizational ecology provides valuable insight
into how market niches come about and dissolve over long periods of time, it provides
relatively little understanding about factors that affect market stability — defined as the
consistency of organizational offerings as a whole. Organizations compete to appeal to a
multidimensional array of consumer tastes through their highly differentiated offerings

and practices (Baum & Haveman, 1997; McPherson, 1983; Peli & Nooteboom, 1999;
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Ruef & Scott, 1998). This suggests that markets change across a variety of dimensions;
however, prior research exclusively focuses on changes across specific populations of
market niches. Studies about the brewery industry, for example, may explore factors that
lead to the expansion of microbreweries and the closure of mid-sized brewers (Carroll &
Swaminathan, 2000), but they do not explore factors that lead to shifts in the product
offerings across all brewers. A focus on such a coarse measurement of market change
likely fails to detect more subtle changes in the entirety of organizational offerings. In
addition, whereas the availability of particular organizational offerings is likely always
changing, prior work generally treats markets as static structures of organizational
offerings that shift to different equilibrium states over long periods of time. Key
ecological processes in organizational theory, like resource partitioning, ecological
succession, density dependence, and niche width theory, are implicitly based on the
premise that organizations have a relatively balanced and stable arrangement of offerings
at one point in time, undergo some sort of exogenous shock that sparks a change in
organizational populations (e.g. market concentration, residential succession,
technological innovation, etc.), then ultimately arrive at a new state of market equilibrium
composed of different distributions of organizational offerings (Aldrich, 1975; Carroll,
1985; Carroll & Hannan, 1989; Hannan & Freeman, 1977). Although this theoretical
tradition may be representative of markets at a broad macroeconomic scale, it is unlikely
representative of markets at finer degrees of resolution, such as at the neighborhood-
level, where subtle changes in market offerings offer time are likely more apparent to

consumers. In other words, what is likely needed is a more explicit understanding about
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factors which bring about small-scale and short-term drifts in market product spaces as a

whole; that is, factors which affect market stability.

3.3 General Approach

In this chapter, | study factors associated with market stability — defined by the
constancy of organizational offerings — within neighborhoods of organizations. Market
stability at the neighborhood-level is an important outcome of interest. High rates of
market change may lead to increasing and self-reinforcing patterns of market vacancy
(Taeuber & Taeuber, 1964). Market stability in one industry may be a necessary
prerequisite for innovation in other industries (Ruef & Patterson, 2009; Stinchcombe &
March, 1965). Likewise, changes in local markets are often very observable and have
tangible impacts on the well-being and lifestyles of local consumers (Morland, Wing,
Roux, & Poole, 2002). When neighborhood organizations change, certain residents may
lose access to appealing or necessary consumer offerings (Hwang & Sampson, 2014).
Moreover, neighborhoods of organizations are considerably less stable than markets at
the industry-level and are more numerous. Neighborhoods therefore provide a larger
comparison set than could be found at the industry-level. In a sense, a focus on market
stability goes back to the roots of ecological theory. Hannan and Freeman (1977) founded
organizational ecology on the question: “Why are there so many types of organizations?”’
They proposed that the field borrow theory from studies in biological ecosystems, which
often explore the very same question in biological contexts. Hannan and Freeman did not

ask “What factors maintain the current demographic composition of organizations?”
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However, ecological stability is perhaps just as fundamental a research topic in biological
ecosystems as is diversity (Connell & Sousa, 1983; Holling, 1973), and may have
important implications for markets too.

To carefully capture the diversity of organizational offerings, the structure of
organizational ecosystems, and the stability of neighborhood markets as a whole, |
borrow theory from social network analysis and study markets as networks of competing
organizations. Social network analysis is a theoretical approach for studying systems of
connections among units in a social system (Burt, 1987; Wasserman & Faust, 1994;
White, 1981). In related areas of study, social network analysis has been used to examine
organizations’ patterns of information flow, coordination, exchange, and power
relationships (Brass et al., 2004; Fleming et al., 2007; Inkpen & Tsang, 2005). Social
network is primarily used in studies of collaborative ties among individuals, but social
network analysis is appropriate for any system of relationships among any social units.
For example, the basis for markets structures in organizational ecology are competitive
relationships among individual organizations, defined by their shared offerings and
consumers. Clusters of tightly competing organizations comprise the niches of study in
most prior research in organizational ecology, and competition across these niches too is
based in patterns of shared products and consumer overlap (Carroll, 1985; Echols & Tsai,
2005; Hannan & Freeman, 1977; McPherson, 1983). Importantly, social network analysis
provides a means to closely examine changes in market product space, based on changes
in the composition and offerings of their incumbent organizations, and a toolkit for

systematically identifying the boundaries of market niches.
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| expect many factors that influence the creation and dissolution of market niches
to influence market stability. Exogenous factors that change the availability of resources
in a market will likely have the clearest effect on market stability. For example,
immigration of close-nit ethnic groups often brings about the development of ethnic
enclaves with distinctive businesses that cater to local populations (Aldrich et al., 1985;
Light, 1980). Endogenous characteristics of market incumbents are also likely to
influence market stability. For example, organizational characteristics associated with
organizational maturity, such as the average age of organizations in the market, likely
increase stability by increasing the appeal of old or even seemingly-obsolescent practices
to contemporary consumers (Johnson, 2007). Yet most importantly, | expect the
distribution of organizations’ competitive relationships alone to affect market stability.
For a variety of reasons, | expect that markets with more diverse and durable niches will

have a greater degree of stability.

3.4 Specific Arguments

3.4.1 Niche Redundancy

Niche redundancy refers to the durability, functional diversity, and distinctiveness
of market niches. In biological ecosystems (Hubbell, 2005; Rosenfeld, 2002), niche
redundancy stabilizes ecosystems by improving the durability of current niches;
organisms that are dependent on the presence of a particular niche will be relatively
unaffected by the dissolution of single species within that niche. Competitive interactions

among organizations are not identical to those among biological organisms, but I expect
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them to be affected by niche redundancy similarly to the way biological ecosystems are
affected by niche redundancy.

Much like in biological ecosystems, markets are functionally integrated systems
composed of various interdependencies among market incumbents (Astley, 1985).
Organizations’ competitive relationships are highly structured by their shared resource
dependencies; organizations with similar resource dependencies fall into similar market
niches, and their positions within these consumer niches largely shapes their ability to
attract customers (Baum & Haveman, 1997; Carroll, 1985). Organizations’ positions
within markets can also change, both by intentional marketing efforts, and by changes in
their competitive environments (Carroll, 1985; Hannan & Freeman, 1977; Porac et al.,
1989; White, 1981). As illustrated in Chapter 2, transitioning to new competitive
positions can often be detrimental to organizations’ survival chances. When neighboring
organizations dissolve and new ones become founded, market incumbents are often
pushed into positions that put them in greater competition with formerly diffuse
competitors. Alternatively, organizations are pushed into more central positions in their
competitive networks, leaving them with few distinguishing features or competitive
advantages. Such changes may influence consumer reference points for evaluating
organizations (Berger & Luckmann, 2018; Hsu et al., 2009; Navis & Glynn, 2010;
Sauder et al., 2012) and cause these organizations to dissolve. However, a market with
high niche redundancy has many closely packed clusters of functionally equivalent
competing organizations that appeal to the same sets of consumer tastes, and which have

relatively diffuse degrees of competition with organizations from other niches. Whereas
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the dissolution of organizations in many markets may have reverberating effects that shift
the competitive positions and reduce the viability of other organizations in particular
market niches, organizational dissolutions in markets with high niche redundancy are less
likely to affect the competitive positions of other organizations in ways that could result
in the collapse of particular niches as a whole. In other words, niche redundancy
maintains the structure of organizations’ competitive relationships, and therefore likely
improves market stability.

Niche redundancy may also improve market stability through supply-side factors
that limit the variation of new entrepreneurial foundings. Across industries, most new
organizational foundings tend to reproduce the offerings of those already available (Ruef,
2002), often with slight deviations to avoid overcrowding (Baum & Haveman, 1997).
Many factors motivate this trend, including entrepreneurs’ desires to: maximize industry
spillovers by operating in accordance with an area’s existing cultural identity (Ruef,
2000), replicate practices that are associated with success (Miner, Bassof, & Moorman,
2001), follow the advice of market experts and angel investors who encourage adherence
to current industry practices (Zuckerman, 1999). However, these mechanisms very much
rely on entrepreneurs’ ability to perceive market boundaries, and although market
categories inform a great deal of entrepreneurial action, market categories are not always
clear to entrepreneurs (Fleischer, 2009; Pontikes, 2012). Market categories can be
difficult to track because they often shift over time, especially in nascent, regional, or
informal market sectors (Rosa et al., 1999; Santos & Eisenhardt, 2009). However, niche

redundancy likely makes the boundaries between niches more apparent to entrepreneurs.
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An industry with maximal niche redundancy and niche diversity, for example, is one with
clusters of highly competitive (and therefore similar) organizations and highly diffuse
competitive relationships across market niches. The increased visibility of market niches
is therefore likely to reinforce the above mechanisms that discourage entrepreneurial
innovation. By reducing entrepreneurial innovation and the variation of new
organizational offerings, niche redundancy effectively impedes variation — one of the key
factors through which markets evolve (Campbell, 1965; Stinchcombe & March, 1965) —
and thereby increases market stability. In sum:

Hypothesis 1a: Niche redundancy is associated with increased market stability.

Hypothesis 1b: Niche redundancy is associated with reduced viability of

organizations that are founded outside current market niches.

Hypothesis 1c: Niche redundancy is associated with decreased rates of

entrepreneurial innovation.

3.4.2 Residential Succession

Residential succession describes the process through which an existing residential
population is replaced by another (Duncan & Duncan, 1957). This happens through the
entrance of new residential populations to the area, and through the departure of previous
inhabitants. Residential succession has been observed in many contexts since the
founding of sociological inquiry. For example, Burgess (2008) noted the tendency for
upper-income city residents to move to the outer boundaries of cities as city commerce

grows, resulting in "concentric zones" of increasing household income as one heads
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towards the periphery of any city. Patterns of residential succession typically map onto
race (Aldrich et al., 1989), be it the departure of Caucasians from neighborhoods that
were later occupied by eastern Europeans in the early 1900s, or the "flight" of white city-
dwellers to the suburbs following the migration of African Americans from the South to
the North during the mid-20th century. More recently, gentrification has become of key
interest in studies of residential succession (Hochstenbach & Van Gent, 2015; Hwang &
Sampson, 2014; Smith, 1998), marked by the invasion of upper-income groups into
traditionally lower-income areas, resulting in the rise of housing costs and the eventual
displacement of the previous population.

Residential succession likely reduces market stability due to its strong effects on
consumer tastes. Immigrating ethnic groups, for example, often have different
preferences for organizational practices than native populations, such as a preference for
staff members who are fluent in their native languages and a preference for organizations
that provide products similar to those available in their country of origin (Aldrich et al.,
1989; Light, 1980; Light, 1972). It is partially for this reason that immigrants tend to
found tight-knit enclaves of market exchange (Wilson & Martin, 1982). Put together, this
suggests that areas with high immigrant populations may have increased rates of
foundings in undeveloped organizational niches. A similar mechanism is likely true of
middle-income white households that migrate to historically poor (and often black)
neighborhoods. The organizational offerings available in historically poor neighborhoods

do not always suit middle-income migrants’ tastes, potentially reducing consumption of
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current offerings and incentivizing the founding of new businesses that better serve the
tastes of those new populations (Glaeser, Kolko, & Saiz, 2001; Meltzer, 2016).

Likewise, residential succession may reduce market stability through its influence
on a neighborhood’s population of entrepreneurs, whose tastes and resources often reflect
those of the immigrant population. For example, Aldrich and Reiss Jr (1976) observed
that the migration of white households following an influx of black residents (or “white
flight”) tends to coincide with the succession of white business owners and increased
rates of business vacancy. These changes in the marketplace were not due to increased
rates of closure by white business owners, but due to the decreased pool of wealthy white
entrepreneurs who could open up new businesses. For this reason too, it is likely that:

Hypothesis 2: Residential succession is associated with decreased market

stability.

3.4.3 Organizational maturity

Organizational maturity may be a key factor in market stability, due in large part
to the nested nature of market development. When markets first develop, businesses are
usually r-selected: Most new organizations that survive do so because they were founded
cheaply, quickly, and satiate (in some sense) a broad array of consumer tastes (Ruef &
Patterson, 2009). However, as new markets develop in scale and infrastructure,
businesses become k-selected: More specialized organizations not only become viable,
but tend to be better-adapted to the local environment than organizations that appeal to
more general tastes (Barnett, 1997; Freeman & Hannan, 1983; Hannan & Freeman,

1977). These factors make nascent markets much less stable than more mature markets.
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Additionally, in mature markets, consumers become more accepting and forgiving of old
or dated practices (Johnson, 2007), which further enhances the survival chances of
market incumbents and increases market stability. Lastly, well-established organizations
in mature markets generally avoid competing with each other. This is largely attributed to
the forbearance hypothesis: large organizations avoid competing due to the great risk and
cost that could result from retaliation (Haveman & Nonnemaker, 2000; Prince & Simon,
2009). In contrast, well-established organizations put greater focus on outcompeting
newcomers to a market. For this reason, newly founded organizations in mature markets
often have significantly worse survival chances than they do in less mature markets
(Barnett, Greve, & Park, 1994). Combined, all of these factors suggest that:

Hypothesis 3: Organizational maturity is associated with improved market

stability.

3.5 Data and Methods

3.5.1 Data

| use a combination of data from the January 2017 edition of the “Yelp Dataset
Challenge” (Yelp, 2019) and the American Community Survey (U.S. Census Bureau
2009) to explore how the distribution of restaurants’ competitive relationships within
neighborhoods affects market stability. The Yelp dataset contains separate, cross-indexed
matrices that describe approximately 140,000 businesses, 1,030,000 users who reviewed
those businesses, and 4,150,000 reviews of those businesses within a purposive diversity

sample of 11 metropolitan areas in America and Europe. There are a variety of reasons
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for why restaurants in the Yelp dataset are an ideal sample of study, the chief being
restaurants’ strong spatial-boundaries, high diversity of offerings, high diversity across
neighborhood populations, rapid turnover, and high structural inertia. Moreover,
restaurants are one of the earliest industries of study in organizational ecology,
particularly in research about how environmental change affects organizations’ survival
chances (Freeman & Hannan, 1983). More recently, the Yelp dataset has been used in a
variety of studies for understanding factors that affect consumer reviews (Goldberg et al.,
2016; Kovécs, 2013), and in Chapter 2, was used to explore factors associated with
organizations’ survival chances. The American Community Survey, on the other hand, is
a survey conducted by the U.S. Census that provides annually updated estimates of
household characteristics across small geographic areas (e.g. census tracts). It was
designed relatively recently with the goal of replacing the decennial census long form. It
has been used in a variety of recent studies (O’Brien, 2017; Sharkey, 2014), and is
basically the premier dataset for exploring geographic patterns of socio-economic trends
across the United States.

Both datasets provide continuous longitudinal data about neighborhood
populations, but the Yelp dataset’s coverage of restaurants did not become relatively
saturated until around 2011. To make sure I only use Yelp’s most reliable years of
analysis and to improve operational clarity, I limit the sample to just two discrete time
points: businesses operating as of January 1, 2013, and businesses operating as of January
1, 2016. | ultimately aggregate restaurants into a sample of 280 neighborhoods from 7

unique American cities, comprising a total of 11,054 unique restaurants that had operated
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during this period. All sample restrictions are made due to concerns related to data

validity and operational clarity, and are explained in further detail below.

3.5.2 Unit of analysis

This study’s units of analysis are neighborhoods of restaurants. Demarcating what
constitutes a neighborhood of restaurants, however, requires a series of careful steps. At
first blush, an intuitive measurement for neighborhoods of restaurants might seem to be
census tracts. Census tracts are delineated by residential characteristics and are
additionally useful given that this chapter uses several independent variables that are only
available at the census tract-level. However, census tracts are not delineated by shared
market characteristics and are principally divided so as to not contain residential
populations of higher than 80,000 people. This makes census tracts a somewhat
unreliable demarcation of neighborhood markets; most neighborhood markets of
restaurants (especially those near dense residential populations) appear to span across
multiple census tract boundaries.

Instead, | aggregate census tracts into intuitive market clusters based on
geographic proximity and shared consumers. Arriving at these market clusters requires a
complex set of procedures. I first construct a matrix within each city composed of rows
and columns that represent each census tract, and cells containing the distance between
the median geolocation of restaurants within each census tract. | then slightly weight
these distances by the proportion of reviewers (aggregated from individual businesses)
that each census tract shares, such that clusters which contain much fewer shared Yelp

reviewers than one would expect by chance are measures as further apart. In order to
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prevent the formation of overly large clusters, | also weight these distances by the
number of businesses reviewed in each census tract so that census tracts with very large
numbers of businesses are measured as further apart. | then iteratively cluster census
tracts by distance, according to ten increasing distance thresholds between 0.125 and 1.25
miles. For each of these ten distance thresholds, I:

1. Convert the weighted distance matrix to Os and 1s according to whether census
tracts’ weighted distances lied beneath the given distance threshold.

2. Run a Louvain clustering algorithm on the matrix created in the first step
(Blondel, Guillaume, Lambiotte, & Lefebvre, 2008).

3. Aggregate census tract information within these clusters to create a new weighted
distance matrix between census tract clusters according to their median distances,
shared reviewers, and number of businesses held.

This clustering procedure produces clusters that resemble something akin to a
spin-glass clustering routine (Reichardt & Bornholdt, 2006); the average size and
distance between census tracts in each census tract cluster (neighborhood) increases as
the distance between the neighborhood and city-center increases. In total, it produces a
sample of 649 neighborhoods across all 7 cities. As is necessary, most census tract
characteristics within each produced neighborhood are very similar, suggesting that the
clustering technique produces valid neighborhoods. However, the size of the resulting
neighborhoods vary substantially. 235 neighborhoods (typically located far from a city
center) contain 10 or fewer businesses at any time point in the data. With such few

datapoints, it is impossible to identify valid niches within each neighborhood and
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measure niche redundancy (described further below). Therefore, | remove these 235
small neighborhoods from the sample. Also, 120 neighborhoods of the remaining 415
neighborhoods have a growth rate in business density of over 20%, and another 15
neighborhoods have a growth rate of less than -10% between 2013 and 2016. It is unclear
whether these extreme growth rates reflect reality (e.g. it is true that many neighborhoods
in Phoenix had grown over that period), or whether these growth rates reflect biases in
the data generation process (e.g. maybe neighborhoods with high growth rates just had
poor coverage in 2013). Due to these concerns | do not use these 135 neighborhoods with
extreme growth rates in my figures or models (although supplementary analyses without
this exclusion render substantively identical results to those reported in this chapter).
Therefore, the final sample is composed of 280 neighborhoods consisting of 11,054
unique businesses as of January 1, 2013.

Within this final subsample, there is still significant variation in neighborhood
density. 11 neighborhoods contain more than 80 businesses during the period between
2013 and 2016, and 28 neighborhoods contain fewer than 15 businesses during this
period. This is potentially problematic because the large neighborhoods often have
significantly more complex market structures than those in the small neighborhoods.
Therefore, for additional robustness, I run a series of nested models that contain smaller
subsets of neighborhoods according to three density thresholds: 1) any density, 2) a
density of 15-60 restaurants 3) a density of 20-45 restaurants. The narrowest subsample
includes 158 neighborhoods across the two time points of analysis, and is the focus of

most reported results.

82



3.5.3 Measures

This chapter’s key variables, market stability and niche redundancy, are based on
the diversity and structure of competition among each neighborhood’s organizational
offerings. To measure the structure of organizations’ competitive relationships, for every
neighborhood in January 1, 2013 and January 1, 2016, | create a similarity matrix of all
restaurants within that neighborhood, based on each pair of organizations’ shared
practices and products. These similarity matrices represent organizations’ competitive
relationships, and are determined with methods very similar to those used for determining
networks of competition between organizations used in Chapter 2 and described in detail
on pages 31-34. As a brief recap, | estimate these competitive networks by using a
combination of Yelp’s metadata and Yelp reviews on hundreds of potentially relevant
restaurant characteristics and product dimensions. The most central criteria in similarity
measures among restaurants are genre of cuisine offered (e.g. Mexican, French, or
Vietnamese), similarity in specific product offerings (e.g. salad, tofu, or hot dogs), and
similarity in other characteristics that appear to inform consumer behavior (e.g.
ambience, table service, outdoor seating, etc.). One difference between the steps used for
arriving at restaurants’ competitive relationships in this chapter and those described in
Chapter 2 is that the similarity matrices of competition in this chapter are not in any way
weighted by organizations’ distances; all organizations within a neighborhood are

assumed to compete, even those that seem somewhat distant from each other. This choice
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allows me to better capture the diversity and arrangement of organizational offerings
across niches within each neighborhood of restaurants.

This chapter’s outcome of interest is market stability, defined as the constancy of
organizations’ offerings between January 1, 2013 and January 1, 2016. There are many
methods to measure changes in multidimensional spaces over time. The simplest
measurement would be to estimate a similarity coefficient between the matrix of product
space in 2013 from that in 2016; however, this method requires that the number of
businesses in each matrix remains constant over time, which is not the case in most
neighborhoods. Another common measurement for change in matrices over time is graph
edit distance; however, this method is computationally difficult and is more complicated
than necessary. Instead, | produce measurements of market stability based on the average
minimum similarity between every new business that was present in a neighborhood in
January 2016 with every business that was present in that neighborhood as of January
2013. This variable can take on a value of 0.0-1.0, with 1.0 indicating a market where all
new restaurants essentially identical to at least one previous restaurant. This measurement
does not factor in the dissolution of previous market niches; however, the measurement
was found to be highly associated with niche dissolution.

As a sensitivity test, | attempt models with several variant measures of market
stability, including measurements that better incorporate the dissolution of old niches,
measurements that better capture the robustness of new market niches, and measurements
that divide stability scores by the degree of differentiation (or niche compression) of

market incumbents in 2013. | try this last measurement to prevent regression towards the
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mean; that is, to control for the fact that neighborhoods in 2013 with a higher degree of
differentiation are often estimated as having more niche change by 2016 than
neighborhoods that have lesser degrees of differentiation. However, all of these variants
of market stability are highly correlated with the measurement of niche change that |
ultimately use, and produce nearly identical results to those in the models presented in
this chapter. The central reason | chose a measurement of market stability based on the
similarity of new restaurants founded after January 1, 2013 to those present in January 1,
2013 is that this measurement is relatively easy to interpret. Neighborhoods with a market
stability coefficient 1.0 imply that new organizations are exactly identical to at least one
old organization, whereas neighborhoods with a market stability of 0.9 indicate that on
average, new organizations in the market are 90% similar to those in the old market.
Market stabilities of 0.0 are nearly impossible with my measurement technique of
organizational similarity (similarity scores across the entire sample were scaled between
0.0 and 1.0, so that only a few organizations ever had a similarity score of 0.0), but would
likely indicate a neighborhood whose restaurant offerings changed drastically. For
example, a neighborhood entirely composed of chain restaurants in 2013 and composed
entirely of high end restaurants in 2016.

To unravel the mechanisms underlying market stability, | examine two additional
dependent variables that isolate whether changes in market stability are due to supply-
side factors (variation) or demand-side factors (selection). The supply-side variant of
market stability measures the degree of niche innovation in neighborhood restaurants

founded between 2013 and 2016. This is mostly an inverse measurement of market
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stability, and is operationalized as the average minimum similarity of any business
founded between January 1, 2013 and January 1, 2016 to those existing in the
neighborhood as of January 1, 2013. The demand-side variant of market stability
measures the market’s resilience to innovative offerings, based on the tendency for
unusual organizations founded between January 1, 2013 and January 1, 2016 to dissolve
by January 1, 2016. This is measured as the average minimum similarity of organizations
founded between January 1, 2013 and January 1, 2016 that had dissolved to organizations
present as of January 1, 2016. Since this variable is conditional on a neighborhood’s
degree of entrepreneurial innovation, | include entrepreneurial innovation as a control
variable in models predicting market resilience.

This chapter’s primary independent variable is niche redundancy, which maps
onto the presence and durability of market niches (i.e. clusters of competing
organizations). Niche redundancy in a neighborhood is measured as a competitive
network’s modularity score, that is, the proportion of competitive ties that fall within
previously identified clusters of competing organizations, minus the proportion of
competitive ties that fall into clusters of competing organizations if all ties are distributed
at random (Newman, 2006). Network modularity is not often studied in the social
sciences, but notable applications of modularity scores in prior work include studies of
geographic clustering among friends (Onnela, Arbesman, Gonzalez, Barabasi, &
Christakis, 2011) and studies of topic clustering in papers published in social science
journals (Moody & Light, 2006). Put generally, modularity measures the degree to which

ties among social units fall into separate clusters or social cliques, and in this sense,
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network modularity perfectly encapsulates the concept of niche redundancy. However, a
complication in using network modularity as a measurement of niche redundancy is that
it rests on clustering techniques. Not only are there are a variety of algorithms for
clustering social units, but most of these are designed for use with networks composed of
binary ties between social units (taking values of either 0.0 or 1.0). In contrast, this
chapter’s networks of competition are composed of similarity scores, with value ranges
falling most between 0.0 and 1.0. As is, clustering algorithms are not perfectly
appropriate for the data.

As a solution to the issues that arise from trying to measure modularity within
valued competitive networks, for each pair of competitive relationships, | convert
restaurant similarity scores to a binary value of either 0.0 or 1.0, based on whether these
scores exceeded a given threshold. Thresholds for these binary values are determined
inductively for each neighborhood based on a formula that maximizes a network’s
modularity score (via Louvain clustering) while minimizing the formation of isolates. As
is illustrated further in the results section, this method sorts organizations into highly
intuitive niche clusters. However, a second complication with modularity scores as a
measurement for niche redundancy is that measurements of modularity are highly
associated with graph density. In other words, neighborhoods with higher business
densities are more likely to have higher degrees of modularity. Fortunately, the
association between density and modularity is fairly linear, therefore this confounding
can be overcome by including an interaction term between modularity and market density

for models predicting market stability.
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This chapter’s secondary independent variables are residential succession and
organizational maturity. | draw these variables from census tract-level information from
the American Community Survey. Because many neighborhoods are composed of
multiple census tracts, | aggregate census tract information to the neighborhood-level by
taking the mean of each census tract characteristic of interest in the neighborhood,
weighted by the residential population of that particular census tract. There are an array
of American Community Survey variables that could capture the meaning of residential
succession and organizational maturity, therefore | focus on a few variables that likely
represent these concepts. For residential succession, | examine international immigrants,
which estimates the average proportion of new neighborhood residents that had migrated
to the neighborhood each year, and 4% white residents, which measures the percentage
increase in a neighborhoods’ white population between 2013 and 2016. The latter of
these variables is intended to describe a neighborhood’s degree of gentrification, although
it does not factor in the economic status of new residents. For organizational maturity, |
primarily examine market density, measured as the number of restaurants in a given
neighborhood in 2013, the average age of restaurants in that neighborhood as of 2013,
and the percentage of restaurants in that neighborhood which were chains as of 2013.

I include several control variables in models for market stability that seem likely
to influence market stability through related pathways. Most crucial of these is niche
differentiation (or niche compression), which measures the degree of differentiation
(measured as average similarity) among all restaurants in a neighborhood. This variable

controls for the fact that markets which were more differentiated in 2013 typically had a
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more diverse array of new organizational offerings by 2016 and therefore worse market
stability. Since organizations’ survival chances are highly tied to the economic well-being
of their consumer populations, I control for the median income of residents and rate of
residential vacancy as an inverse proxy for a neighborhood’s current degree of economic
growth. I include a control variable for population density to account for any biases that
might be produced from neighborhoods which occupy more or less-densely populated
residential areas. | also attempt to control for negative consumer tastes towards current
organizational offerings with measurements of restaurants’ average price and average
ratings. Finally, I include a parameter that indicates the number of modules (or clusters)
that neighborhood niches clustered within to account for any biases or nonlinear effects

produced by my measurement of niche redundancy.

3.5.4 Models

All models are estimated with logistic regression. Regression models estimate the
degree that an outcome of interest is associated with a series of independent (predictor)
variables. The degree that each independent variable is associated with the outcome of
interest is conditioned upon other independent variables in the model. In other words,
regression models indicate the amount that changes in the dependent variable can be
attributed to each independent variable. All dependent variables in this chapter take
values that only fall between 0.0 and 1.0, therefore, I use logistic regression. Unlike
traditional ordinary least squares (OLS) regression, logistic regression assumes the
dependent variable is distributed between values of 0.0 and 1.0, rather than as continuous

and normally distributed. Although logistic regression is typically used with binary
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outcomes, it is perfectly appropriate for dependent variables with values that range
between 0.0 and 1.0. That said, the estimates reported in the results are substantively

identical to those estimated with ordinary least squares regression.

3.6 Results

Figure 3.1 provides a map of all cities in the original sample of 649 market
neighborhoods scaled according to their real relative sizes. The thin gray lines within
each city illustrate the boundaries between census tracts and the thick black lines in these
cities illustrate boundaries between clusters of census tracts; that is, the neighborhoods
which comprise this chapter’s sample. Neighborhoods are shaded according to their
density (number) of restaurants. Most neighborhoods in this sample have 10 or fewer
restaurants within them, and are of a light white shade. The restaurants shaded white tend
to be far outside of the city centers, and are typically part of cities that sprawl across a
larger geographic region, such as Cleveland and Charlotte. Most of these neighborhoods
are in relatively unpopulated suburbs of the core metro area, and seem sensible to exclude
from my sample of primarily urban neighborhoods. In large cities, there is considerable
variation in the size and density of neighborhoods. However, it should be noted that most
restaurants in large neighborhoods tend to be located within a very narrow region of these
neighborhoods. Nonetheless, this figure illustrates the degree of geographic variation
among neighborhoods in my sample, and the disproportionate number of neighborhoods
derived from this sample’s largest two cities, Phoenix and Las Vegas. Of additional

interest is Madison, the second smallest of the cities in the sample, which is comprised of
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Figure 3.1: Sample of Census Tract Clusters
Note: Cities scaled according to real size. Light gray lines indicate boundaries of census
tracts, thick black lines indicate boundaries of census tract clusters (neighborhoods).
Colors indicate number of restaurants in each neighborhood.
neighborhoods of census tracts that are very consistent with those identified in other
sources. This provides support for the validity of my census tract clustering algorithm.

Figure 3.2 illustrates an example of the sorts of niche clusters that my algorithm for niche

redundancy produces, and visualizes variation in my measurements of network
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modularity across two similarly sized neighborhoods. The top of the two networks in
Figure 3.2 illustrates a neighborhood located just northwest of downtown Las Vegas, NV;
the bottom of the two neighborhoods illustrates a neighborhood located in Matthews, NC
—a suburb southeast of Charlotte, NC. The nodes in these samples indicate restaurants in
2013, and the ties indicate restaurants which were in relatively high degree of
competition. The color of these nodes indicate restaurants that had closed by 2016, and
the clusters are labeled according to common traits of restaurants within the cluster. Of
note most restaurants had close competitive ties to at least two other restaurants, and most
close competitive ties occurred between restaurants that shared a niche. Moreover, in
both sections of the figure, restaurants that dissolved tended to be proximate to other
restaurants that dissolved, indicating that organizations which dissolve often do so due to
the disadvantageous market positions they hold, rather than due to any observable
internal failings (Hannan & Freeman, 1977).

The top portion of Figure 3.2, indicated by the letter “A,” illustrates a
neighborhood with a relatively high degree of modularity given its density. In accordance
with its high modularity, most strong competitive ties among organizations in this
neighborhood occur within niches rather than between organizations of different niches.
Also in accordance with my description of how niche redundancy should affect the
visibility of market niches, most niches within this neighborhood fall into well-defined
and intuitive genres of food service in the U.S. (e.g. sandwiches, pizza, and cafés). The
western buffet niche may appear strange, but it is a real feature of this particular

neighborhood of Las Vegas; this neighborhood had three buffets as of January 1, 2013;
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A) Mexican

Chinese/Thai

\@Westem Buffets

Sushi B)

Ethnic

Burgers/Wings

Figure 3.2: Example of High vs Low Modularity

Note: A) GEOID = 32003002956; Modularity = 0.66 B) GEOID = 37119005812;
Modularity = 0.55. Dots indicate businesses operating as of January 2013. Dot color
indicates restaurants that closed by 2016. Surrounding circles indicate competitive
clusters/modules. Ties indicate closest competitor.
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two of which offer French food, one of which offers seafood. The arrangement of
competitive ties across restaurant niches are also intuitive; there are three ties between the
pubs/bars niche and pizza niche because there are three pubs/bars that serve pizza, the
sushi niche is connected to the high-end niche because both tend to offer expensive food,
etc.

In contrast, the bottom portion of Figure 3.2, indicated by the letter “B,”
illustrates a neighborhood with relatively low modularity given its number of restaurants.
There are many ties across niches, and not all of the niches fall into well-defined
categories. For example, “ethnic” was the most representative term I was able to discern
for describing organizations within that niche, as this niche was composed of multiple
ethnic restaurants including Latin, Chinese, Thai, etc. The breakfast/lunch niche includes
a mix of diners, delis, and breakfast places, and the seafood/Italian niche is composed of
restaurants that offer seafood and tend to offer Italian food. Not displayed is the degree of
stability across these two niches; however, in line with my hypotheses that
neighborhoods with less niche redundancy would be less stable, the composition of
product offerings in Neighborhood B changed more than the offerings in the
Neighborhood A. By 2016, both neighborhoods had approximately the same rate of
turnover and new organizations founded, however, Neighborhood B soon developed a
more robust niche of Latin-styled restaurants.

Table 3.1 provides descriptive statistics of all modeled variables in the full sample
of 280 neighborhoods. The dependent variable, market stabilitym is constrained to values

between 0.0 and 1.0, however the maximum stability score was only 0.90 and the
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minimum stability score was only 0.65. According to this statistic, the majority of new
restaurants across all neighborhoods in 2016 have a high degree of similarity with at least
one old restaurant in 2013, resulting in relatively high measures of overall stability.
Supplemental analyses suggest that this stability is largely driven by the tendency for
most new organizations within a neighborhood to repeat practices and offerings of
incumbent businesses and of businesses that had recently closed. On the other hand, the
relatively low maximum stability score reflects the multidimensionality of measurements
of restaurant similarity; since there are so many dimensions factored into restaurants’
similarity scores, very few restaurants had a similarity of rating of 1.0 with any of their
neighbors. Overall, values of market stability followed a relatively normal distribution,
but with a slight left skew.

Even though modularity is typically measured as a proportion, modularity in
Table 3.1 is represented as a percentage. This was done to make the scale of the
modularity variable more in line with those of other variables; without this
transformation, modularity’s effect on market stability appears very high next to the other
parameter estimates. The same transformation is made for product diversity as well;
product diversity is based on the inverse average similarity among restaurants, and thus
typically takes on values between 0.0 and 1.0. Of slight note in this figure, the number of
modules (or niche clusters) in each neighborhood ranged from 2 to 18. These outliers
largely reflect the variation in neighborhood density; the neighborhood with 18 modules
also had the highest density in the sample (342) and the neighborhood with only 2

modules had the lowest observed density in the sample (11).
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Table 3.1: Descriptive Statistics

Mean SD Min Max
Dependent Variables
Market Stability 0.79 0.04 0.65 0.90
Innovation 0.21 0.04 0.10 0.35
Resilience 0.23 0.06 0.11 0.52
Independent variables
Niche Redundancy
% Modularity 58.13 11.44 21.14 83.98
Residential Succession
% International Migrants 0.86 0.84 0.00 2.94
A% White Residents -1.93 495 -13.58 6.08
Organizational maturity
Density 38.38 28.57 11.00 342.00
Average Age” 4.80 0.64 2.77 6.67
% Chains 30.54 15.75 0.00 61.62
Other Controls
Modules 6.53 2.28 2.00 18.00
Income? 58.95 19.51 26.21 93.10
% Residential Vacancy 11.83 6.11 1.77 25.79
Population Density® 3.47 2.29 0.02 8.47
Average Price 1.58 0.18 1.18 2.30
Average Stars 3.48 0.19 2.66 4.08
Product Diversity 34.34 4.68 20.18 43.10
Related Information
Business Population
% New 25.71 7.63 6.67 51.72
% Dissolved 16.13 7.45 0.00 41.67
% Growth Rate 9.04 7.31 -9.76 19.51
Census Tract Clusters
Area (square miles) 7.57 10.78 0.17 132.03
Miles from City Center 4.18 2.96 0.11 11.42
% White Residents 79.52 15.22 2.55 99.62
% Unemployment 9.22 4,14 0.77 25.12

Note: a) thousands; b) years; ¢) thousands per square mile; n=280

The independent and control variables in Table 3.1 follow expected patterns.

Rates of international migrants may seem low, but these variables represent the percent of
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a neighborhoods’ residents that had migrated from another country during the prior year.
In that light, a value of immigration that is nearly 3% should be perceived as rather high.
Somewhat reflecting positive trends in immigration, on average, the proportion of white
residents in neighborhoods decreased over this period. There is a huge variation in
neighborhood density, however, over half of the neighborhoods in the sample had
restaurant densities between 20 and 45. The average age of restaurants in each
neighborhood is almost five years. This number might appear high, but it is important to
note that this statistic is right-censored; very few new restaurants survive for five years;
but rather, over time, most neighborhoods become composed of the lucky few restaurants
which were successful enough to continue operating for a relatively long period of time.
There is a little more variation in the percentage of restaurants that are chains in a given
neighborhood, and I found that the most extreme values of this variable tend to occur in
the smallest sampled neighborhoods; there are a few small neighborhoods with almost no
chain restaurants, and a few small neighborhoods where chains are the dominant
organizational form in the restaurant industry. Of slight note is the high degree of
variation in population density across neighborhoods; it seems that even with a minimum
neighborhood size of 10, several of the final sample’s neighborhoods were not located in
urban areas.

The remaining variables in Table 3.1 are provided purely for supplementary
purposes. Overall, there is great variation in the rate of founding, rate of turnover, and
rate of growth of businesses across these neighborhoods. The variance in founding and

turnover rates are higher than those in growth, reflecting a strong tendency for areas with
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many recent foundings to also have high rates of turnover. There is tremendous variation
in the physical area of business neighborhoods, so much so that it may seem doubtful that
a neighborhood spanning over 100 miles could really be classified as a “neighborhood.”
However, neighborhoods that cover much larger areas are typically composed of single
census tracts, with restaurants that are all located within a narrow strip of that tract.

Table 3.2 illustrates a correlation matrix between all variables used in the models.
Although the raw positive correlation between modularity and stability is fairly large, it is
important to note that stability is also positively associated with business density and
number of modules, which are likewise associated with modularity. In other words, it is
unclear from this table whether the positive association between market stability and
modularity are due to their mutual association with density. Stability seems to be
negatively associated with international migrants, but this too, may be spuriously induced
through their mutual association with market density. As expected, market stability has a
large negative correlation with product diversity, suggesting that product diversity will be
an important control variable. Also unsurprisingly, neighborhoods with a positive change
in white residents tended to have higher incomes, suggesting that this variable is
associated with gentrification. Interestingly, income and average price of restaurants are
positively correlated. This correlation seems to suggest that a market’s carrying capacity
for expensive restaurants is dependent on its proportion of high-income residents. Of also
slight interest, there is a negative correlation between percent chain and average stars,

suggesting that Yelp reviewers have a bias against chain restaurants.
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Table 3.2: Correlation Matrix

Product Diversity
Average Stars 0.14
Average Price 001 013
Population Density (0.29) 026 (0.01)
% Residential Vacancy 017 009 0.19 (0.18) Pearson
Correlation
Income (0.40) (0.45) 0.34 (0.11) 003 - 1.0
Modules (0.19) 033 029 013 007 013 0.5
9% Chains (014) 028 (0.16) (0.17) (0.21) (0.49) (0.31) 0.0
Average Age (0.08) 023 001 004 010 011 (0.07) 026 -0.5
Market Density 0.20 (0.17).(0.21) 029 024 017 004 013 -1.0
A% White Residents 2000 007 (0.03) (0.08) 019 (017) (0.23) 014 003 018
% International Migrants (0.12) 021 025 (0.10) 024 (0.22) 021 027 000 007 014
% Modularity 021 (0.04) 065 022 (0.09) 068 (0.21) 017 038 (0.02) 010 0.15
Market Stability 033 (0.05) (017) 026 (0.03) 021 028 (0.08) 026 025 (0.13) (0.02) (0.55)
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Note: Pearson correlations among neighborhood attributes. Darker red indicates more
positive correlations; darker blue indicates more negative correlations; white indicates
zero correlations.

Table 3.3 provides model estimates for market stability, innovation, and resilience
between 2013 and 2016. Each parameter estimate is reported in log odds. More highly
negative values indicate that the variable is associated with reduced odds of the
dependent variable, and more highly positive values indicate that the variable is

associated with increased odds of the dependent variable. The dependent variable in

Models 1-3 is market stability, and the difference between these models is the sample
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used. Model 1 includes all neighborhoods in the core sample, Model 2 includes all
neighborhoods that contain at least 15 businesses and at most 60 businesses, and Model 3
includes all neighborhoods that contain at least 20 businesses and at most 45 businesses.
The remaining models only use this narrowest subset of the sample.

Across Models 1-3, modularity is positively associated with market stability, and
this association appears to increase as the sample is reduced to neighborhoods with
similar market densities. These estimates all support Hypothesis 1a: Modularity (and
therefore niche redundancy) is positively associated with market stability. Modularity is
correlated with market density, and has a negative interaction effect with market density,
suggesting that the effect of modularity on market stability diminishes as markets become
denser. It is unclear from the figure alone, therefore | generated predictive estimates
(available upon request) of market stability based on differing values of modularity and
market density. From these predictive models, | found that the interaction term between
modularity and density had a relatively small effect; at no value of density does my
model ever predict less market stability following an increase in market stability.

Consistent with Hypothesis 2, international migrants are negatively associated
with market stability in Model 1 and Model 2, and increases in white residential
populations are negatively associated with market stability in Model 3. In models where
these parameter estimates are not significant, they are still negatively associated with
market stability. From this, it seems likely that the cases where these variables have no
statistically significant association with market stability are due to the model’s small

sample size, high number of control variables, and therefore insufficient statistical power
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to test these factors simultaneously. All the same, it is slightly curious that the estimate
for change in white residents is only statistically significant in Model 3. This may suggest
that the effect of changes in white residential populations is curvilinear or confounded by
markets with very high or low degrees of market density.

Consistent with Hypothesis 3, market density is positively associated with market
stability. This is perhaps the most intuitive of this chapter’s findings; it is hard to imagine
a circumstance where a densely populated neighborhood of restaurants changed a great
degree of its product offerings over the course of just three years. Slightly unexpectedly,
however, chain restaurants had virtually no observable effect on market stability, and the
parameter estimate for average age was negative. As a supplement to this finding, |
attempted a model without niche compression or modularity, in case conditioning on
these factors was reducing the variance attributable to these variables’ effects on and
market stability. More in line with my predictions, in these models, chain restaurants
were associated with increased market stability; however, average age still had a negative
association with market stability. The latter of these two results is not what | had
originally expected, but potential explanations for this pattern are described in the

Discussion section.

Parameter estimates in Model 4 generally follow the inverse trends of those in
Models 1-3. This is expected, given that niche innovation is essentially an inverse
measurement of market stability. However, many factors, including niche redundancy,

that are statistically significant in Models 1-4 are not statistically significant in Model 5.
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Table 3.3: Logistic Regression for Niche Change across Neighborhoods of Restaurants

Model 1 Model 2 Model 3 Model 4 Model 5

Dependent Variable Stability Stability Stability Innovation Resilience
Sample Size 280 220 153 153 153
Niche Redundancy

% Modularity 0.01 (0.00) *** 0.02 (0.00)*** 0.04 (0.01)*** -0.03 (0.01)**  0.00 (0.00)
Residential Succession

% Int. Migrants -0.05 (0.01)** -0.04 (0.02)* -0.02 (0.02) 0.02 (0.02) 0.00 (0.01)

A% White Residents -0.00 (0.00) -0.00 (0.00) -0.01 (0.00) * 0.01 (0.00) -0.00 (0.00)
Organizational Maturity

Market Density 0.02 (0.00) *** 0.04 (0.01)*** 0.07 (0.02)*** -0.06 (0.02)**  0.01 (0.01)*

Modularity *
Density -0.00 (0.00) *** -0.00 (0.00)*** -0.00 (0.00)*** 0.00 (0.00)** -0.00 (0.00)

Average Age® 0.02 (0.05) -0.01 (0.06) -0.05 (0.06) 0.04 (0.06) 0.00 (0.02)

% Chains 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) -0.00 (0.00) -0.00 (0.00)
Other Controls

Modules -0.02 (0.01)* -0.03 (0.01)** -0.03 (0.01)* 0.02 (0.01) -0.00 (0.00)

Income? 0.00 (0.00) * 0.00 (0.00) * 0.00 (0.00) * -0.00 (0.00) 0.00 (0.00) **

% Residential Vac. 0.01 (0.00)**  0.01 (0.00)* 0.01 (0.00)** -0.00 (0.00) 0.00 (0.00) *

Residential Density®  0.01 (0.01) * 0.02 (0.01)**  0.01 (0.01) -0.01 (0.01) 0.01 (0.00) *

Average Price -0.11 (0.08) -0.05 (0.09) -0.27 (0.10) * 0.20 (0.10) * -0.06 (0.03)

Average Stars 0.06 (0.07) -0.02 (0.10) 0.08 (0.12) -0.15 (0.12) -0.07 (0.04)

Product Diversity -0.03 (0.00) *** -0.03 (0.00) *** -0.03 (0.00)*** 0.03 (0.00)*** -0.00 (0.00)

Innovation 1.42 (0.17) ***
Constant 152 (0.32)*** 1.09 (0.43)* 0.03 (0.73) -0.14 (0.71) -0.14 (0.23)

Note: Parentheses indicate standard errors. * = p<0.05, ** = p<0.01, *** = p<0.001. All indpendent variables based on
neighborhood traits as of 2013; all dependent variables based on neighborhood traits as of 2016. Model 1 includes all
neighborhoods in sample; Model 2 includes only neighborhoods with market densities greater than 15 and less than 60; the

remainder of models include only neighborhoods with market densities greater than 20 and less than 45. a) years; b) thousands; c)

thousands per square mile.



This suggests that the primary effect of niche redundancy on market stability is not
through selection mechanisms, but on mechanisms that encourage variation. In other
words, there is evidence that supports Hypotheses 1c, but not Hypothesis 1b. However,
the limited association of modularity, residential succession, and organizational maturity
with market resilience found in Model 5 does not necessarily refute the potential
importance of these variables on markets’ resilience to niche changes; instead, these null
findings likely reflect the insufficiency of the sample to test the selection mechanisms.
Not only was the sample size small, but there was even less variance in the number of
new restaurants that had dissolved between January 1, 2013 and January 1, 2016 than
simply those that were founded during this period. One interesting nuance, however, is
that income, residential vacancy, and population density have no statistically significant
association with innovation in Model 4, but do have a positive statistically significant
association with a market’s resilience to innovative foundings in Model 5. This would
seem to suggest that these factors primarily represent the availability of consumer
resources to neighborhood markets, but have relatively little association with the

availability of entrepreneurial resources for new market foundings.

3.7 Discussion

Previous research has explored factors that lead to the expansion and contraction
of broad industry niches; however, previous research has not explored factors that might
affect the stability of organizational offerings as a whole, especially across short time

spans or within relatively small neighborhoods of organizations. This manuscript
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attempts to resolve this gap by studying patterns of market stability across neighborhoods
of organizations in the restaurant industry based on the structure of organizations’
networks of competitive relationships. | find that the degree to which neighborhoods of
restaurants appear to cluster into niches (which I term niche redundancy) is highly
predictive of market stability in neighborhoods of restaurants. | measure niche
redundancy based on the modularity score among a neighborhood of restaurants’
competitive ties (Newman, 2006) — the proportion of strong competitive ties between
organizations in the same predetermined niches minus the proportion of strong
competitive ties that fall into these predetermined niches when all ties are distributed at
random. Modularity appears to perfectly encapsulate the concept of niche redundancy;
markets with higher modularity scores had high degrees of clustering among restaurants’
competitive ties and relatively diffuse degrees of competition across niches, resulting in
intuitive and highly identifiable market niches. | hypothesized that niche redundancy
would increase the visibility of market niches to entrepreneurs, which in turn, might
discourage innovation in new entrepreneurial foundings. | partially base this hypothesis
in prior theory that entrepreneurs prefer to found organizations that are culturally similar
to those already in the market (Miner et al., 2001; Ruef, 2000), and in research that shows
that market niches are not always apparent to entrepreneurs, especially in smaller and
constantly changing industries (Fleischer, 2009; Pontikes, 2012; Rosa et al., 1999; Santos
& Eisenhardt, 2009). Consistent with this expectation (Hypothesis 1c), I find that new
foundings in neighborhoods with high degrees of niche redundancy are indeed less

innovative and differentiated from old neighborhood offerings than entrepreneurial
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foundings in neighborhoods with lower degrees of niche redundancy. In sum, my
theoretical and methodological approach provided an inductive means for identifying
market niches and for predicting whether new organizational foundings in a market are
likely to be innovative.

| had also predicted that niche redundancy encourages market stability through
selection mechanisms; however, this hypothesis was not supported by the data. Much
akin to a biological ecosystem, | hypothesized that niche redundancy reduces the chances
for cascades of closures within specific organizational niches because niche redundancy
increases the durability of market niches following organizational closures. The increased
durability of market niches should reinforce the market’s entire competitive structure and
prevent other organizations from falling into disadvantageous market positions. My
measurement for this effect was operationalized as a market’s resilience to foundings
outside current organizational niches, and the coefficient for my parameter estimate of
niche redundancy on market resilience was positive but not statistically significant. This
may suggest that there was too little statistical power to adequately test this measurement;
alternatively, this may have resulted due to my measurement of market resilience as a
market’s resistance to new organizational offerings rather than as a market’s resistance to
cascades of closure in particular market niches. | had assumed that resistance to new
organizational offerings would be related to resilience to cascades, but this is not
necessarily the case.

As predicted in Hypothesis 2, residential succession was associated with

decreased market stability. Residential succession describes the process through which an
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existing residential population is replaced by another (Duncan & Duncan, 1957). |
expected residential succession to decrease market stability due to its effect on consumer
and entrepreneurial tastes. | hypothesized that current market offerings are likely to be
less appealing to new ethnic groups, therefore | predicted that markets with higher
percentages of residents from new ethnic groups will be more likely to evolve. This was
indeed the case; however, my estimates for the effect of international migrants on market
stability tended to be more robust than my estimates for the effect of white residential
succession on market stability. Perhaps my operation for white residential succession
should be changed to account for the income of new white residents, given that
gentrification (the process | was attempting to model) is not just a product of whites
moving to less white neighborhoods, but specifically, a process of upper-income
households reinvesting in poorer neighborhoods (Smith, 1998). When the effect of
residential succession on market stability was disaggregated between supply-side and
demand-side factors, it was no longer statistically significant. This likely implies that
residential succession causes both increases rates of entrepreneurial innovation and
decreased resilience to new organizational offerings. If residential succession’s effect on
market stability was just driven by one or the other factor, |1 would have expected either a
supply- or demand-side measure of market stability to have a statistically significant
association with residential succession alone. Generally, this finding reinforces prior
concerns that residential succession can change the character and stability of current
organizational offerings (Hwang & Sampson, 2014). Whether this finding should be

interpreted as a beneficial or detrimental outcome for neighborhood residents is a topic
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that is beyond the scope of this chapter, but in either case, this finding is likely
consequential.

As predicted in Hypothesis 3, organizational maturity was positively associated
with market stability. Organizational maturity was measured in a few different ways, with
market density being the most robust and positively associated trait of organizational
maturity with market stability. | found that density is also positively associated with
market resilience and negatively associated with entrepreneurial innovation, which is
consistent with prior evidence that new organizations have poor survival chances in
mature industries, and with findings that mature industries often retain many
characteristics from when the industry was founded (Barnett et al., 1994; Johnson, 2007,
Stinchcombe & March, 1965). Surprisingly, | found a weak (non-significant) negative
association between the average age of organizations in a neighborhood and market
stability. This could be the result of model over-specification, and indicate that the
average age of organizations in a market is not associated with market stability once other
mechanisms are taken into account. However, | believe there is an alternate explanation
for this pattern. Older organizations tend to follow practices that are often different from
those of the new, suggesting that old practices are not perceived as worthy of replication
by entrepreneurs. Consequently, markets with a high proportion of old restaurants may
have new foundings that are more differentiated from the old, not necessarily because
new foundings are innovative but because new foundings are more likely to adhere to
contemporary industry practices that have not been well-adopted within mature

neighborhoods.
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This chapter has a few potential limitations. Although the neighborhoods I
generated with my clustering technique appear intuitive, they lack detailed external
validation. My clustering method for neighborhoods of restaurants may need to be
explored and tested more robustly. Likewise, the clustering techniques I used for
measuring niche redundancy are complicated, and lack detailed external validation. These
methods also likely warrant detailed exploration in their own right. In addition, although I
had attempted to aggregate features of market stability into a single measurement for
conceptual clarity, the consensus in the literature on biological ecosystems is that the
attributes that people generally use to describe ecosystem stability are broad, varied, and
likely have different relationships with single environmental factors (Connell & Sousa,
1983; Holling, 1973). In other words, even though | attempted multiple variants of my
measurement for market stability, all of which were consistent with the reported results, it
may be the case that the features underlying market stability (e.g. rate of innovation,
resilience to innovation, and other untested factors) cannot be coherently aggregated into
a single measurement. Finally, although my sample is composed of over 11,000
restaurants in a given year, my units of analysis are neighborhoods of restaurants, which
comprise a relatively small sample. Perhaps my findings would be more robust or
different if |1 had used a modeling approach that better leveraged the number of

restaurants that comprised my neighborhoods.
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3.8 Conclusion

This chapter studies factors that affect the stability of markets as a whole. It finds
that the structure of organizations’ competitive relations into redundant niches strongly
suppresses short-term changes in organizational offerings. This study also finds important
influences from residential succession and market maturity on market stability as well. It
appears that niche redundancy mostly influences market stability through supply-side
factors. However, in biological ecosystems, niche redundancy primarily influences
ecosystem stability through selection effects. This difference suggests that it may be
worth exploring selection mechanisms within organizational ecosystems in more detail.
Perhaps the mechanisms of niche redundancy would be more apparent in a community
ecology approach. For example, stability in the restaurant industry may be more related
to niche redundancy among all organizations in the neighborhood than just niche
redundancy within the restaurant industry. This is certainly a topic worthy of further

exploration.
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4. Discussion

The field of organizational ecology is concerned with how organizations are
influenced by their competitive environments and how patterns of competitive constraint
influence market evolution. Prior research primarily studies organizational competition
through population interactions across broad industry niches, assumes that organizations
undergo competitive constraint based on the density of competitors in each related niche,
and examines market evolution as patterns of expansion and contraction within these
broad industry niches. However, these conceptualizations of market structure,
competitive constraint, and market evolution are rather coarse. Organizations’
competitive relationships are not just structured across broad industry niches, but across a
variety of competitive dimensions. The arrangement of organizations’ competitive
positions likely varies across regional sections of an industry. Prior research in
organizational ecology neglects the great amount of variation in market offering and
consumer tastes, regional variation in market structures, and most importantly, the often
quick pace of change in market offerings, consumer tastes, and the dimensions across
which organizations compete. As old organizations dissolve and new ones become
founded, the structure of organizations’ competitive relationships, the criteria that
consumers use to evaluate organizations, and the competitive positions of incumbent
organizations likely change.

In this document, | attempted to provide a more robust theory of market structure,

organizational competition, and market evolution by bridging organizational ecology

110



with social network analytic methods. I studied market structure from the ground-up,
based on the patterning of competitive relationships among all market incumbents. This
method helped reveal the meso-level structure of organizations’ competitive relationships
within the broad market structures of prior research. With this inductive approach, | was
able to better understand how market structures change, how such changes affect the
survival chances of individual organizations, and how such changes come about.

Chapter 2 examined how changes in market structure affected the survival
chances of individual organizations. For each restaurant in a sample of 24,000 restaurants
from Yelp.com and each half year interval between January 1, 2011 and January 1, 2017,
| studied the structure of a restaurant’s competitive network based on all competitors
within its primary catchment area. | identified three structural traits about an
organization’s position within these networks including its degree of crowding, centrality,
and compression. I then modeled organizations’ hazards of closure based upon changes
in these traits, while controlling for various relevant factors. Overall, | found that
restaurants’ degree of crowding, centrality, and compression change frequently over time
as their competitive environments change. Increases in crowding, centrality, and
compression significantly reduced organizations’ survival chances. Compression in
particular is an inherently dynamic process; only increases in compression following an
organization’s founding reduced the organization’s survival chances. These findings
illustrated that examining how organizations’ positions within market structures change
over time is crucial to understanding organizations’ survival chances. Ignoring changes in

market structure — as is often the case in the literature — leaves dynamic mechanisms of
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competitive constraint like niche compression overlooked, and prevents us from fully
understanding the effects of other competitive mechanisms like competitive crowding
and niche centrality. In other words, this chapter demonstrates the importance of
identifying market structures inductively and studying structural changes over time when
trying to map out patterns of organizational demographic change and market evolution.
Chapter 3 examined factors that affect market stability with an emphasis on the
role of niche redundancy. With a sample of 280 neighborhoods from the restaurant
industry, | examined factors associated with the constancy of organizational offerings
between the dates of January 1, 2013 and January 1, 2016. | modeled the competitive
relationships within each neighborhood as a network of competition, and | estimated the
degree to which neighborhoods clustered into tightly competing niches (termed niche
redundancy) and the degree to which organizational offerings in 2016 resembled those of
organizational offerings in 2013 (termed market stability). | then modeled the degree to
which organizational offerings remained stable across these years, based primarily on the
roles of niche redundancy, residential succession, and market maturity. Consistent with
my hypothesis, | found that niche redundancy and market maturity were positively
associated with market stability, and that residential succession had a negative association
with market stability. The stability of organizational offerings as a whole is often
assumed to be relatively static in the literature; however, | found that organizational
offerings within neighborhoods of the restaurant industry change almost constantly.
Importantly, | did not find a statistically significant effect of niche redundancy on

consumer demand for organizations founded outside existing niches; | only found that
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niche redundancy increases the tendency for entrepreneurs to found new organizations
within existing niches. Because the selection effects of niche redundancy are most

prominent within biological ecosystems whose mechanisms of evolution have much in
common with organizational ecosystems, these selection effects likely warrant further

exploration.
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5. Conclusion

This project set out to fix organizational ecology’s unrealistic conception of
market structure by demonstrating the utility of studying markets with an inductive social
network analytic approach. | illustrated how social network analysis can be used to model
market structure, and | demonstrated the usefulness of this approach in two empirical
studies that identified new mechanisms through which the structure of organizations’
competitive relationships influence organizations’ survival chances and the overall
stability of market offerings. Throughout this manuscript, | emphasized how | am
bridging ideas from organizational ecology with theory from social network analysis.
However, in truth, 1 am also bridging ecological theory with more contemporary
perspectives in organizational institutionalism and entrepreneurial strategy — both of
which have already embraced a more network-oriented approach to market structure —
and with contemporary perspectives in bioecology — an area of study that has not only
embraced social network analytic methods but has greatly expanded its theories of
ecosystem evolution beyond the ideas currently borrowed in organizational ecology. My
hope is that merging these theoretical approaches will help quell often made criticisms of
organizational ecology, and ultimately make it easier to build upon organizational

ecology with more insights from biological theory.
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Appendix

Appendix A — Yelp Sample Growth Rate

% Growth
L
<
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Year
The above local polynomial regression (LOESS) curve indicates the growth rate in the
number of Yelp restaurants in my sample from year to year. The growth rate does not fall

to a realistic, single-digit number until mid-2010, hence supporting my examination of
restaurant survival patterns only during the years following 2011.
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Appendix B — Census versus Yelp Restaurant Counts

All Restaurants Population (millions) Weighted Ratio
Yelp Census Ratio Yelp Census Ratio Restaurant/Population

Champaign 250 415 0.60 0.12 0.23 0.53 1.15
Charlotte 1,633 3,658 0.45 1.04 1.77 0.59 0.76
Cleveland 1,998 3,485 0.57 1.65 2.07 0.79 0.72
Las Vegas 2,930 3,168 0.92 1.45 1.95 0.74 1.25
Madison 643 1,145 0.56 0.35 0.57 0.62 0.90
Phoenix 4,496 5,922 0.76 3.01 4.21 0.72 1.06
Pittsburgh 1,504 3,944 0.38 1.05 2.36 0.45 0.85
Total 13,454 21,737 0.62 8.68 13.17 0.66 0.94
Revenue 20.8b

Employees 431K

The above Census restaurant counts are derived from the 2012 Census County Business Patterns (CBP)
dataset for each of the above metropolitan areas. The Yelp restaurant counts based are based on all
restaurants in sample as of January 1, 2012. Most discrepancies between the Yelp sample and the CBP
sample are attributed to differences in the two samples’ areas of coverage. The CBP metropolitan areas
include many census tracts outside of Yelp sample. This is indicated by their population differences; each
Yelp population is based on the sum of individuals within each census tracts covered within sample and each
CPB population is based on the number of individuals reported to live within a given metropolitan area.
When restaurant counts are weighted by population differences in the sample covered, restaurant counts
between Yelp and the CPB are very similar. In other words, this table provides support to the validity of the
Yelp dataset’s coverage.



Appendix C — Topics by Type of Reviewer

Topic Preference Example Terms

Asian Neither "soup” "rice” "spicy" "thai"
Bar Neither "bar" "beer” "drink" "night"
Breakfast Neither "pbreakfast "coffee" "egg" "bacon™
Burger joint Neither "good" "place™ "pburger”  "fries"”
Cafe Neither "line" "walk™ "owner"  “front"
Deli Neither "potato”  "sandwich "bread" "meat"
Fancy Neither "steak" "dine" "wine" "experience"
Food (bad) Non-elites | "taste™ "bad" "better" "ok™
Price (good) Neither "price" "worth" "specials” "portion™
Ambience Neither "nice" "table" "inside”  “outside"
Italian Elites "sauce" "tomato”  “italian"  "pasta”
Location Elites "place™ "location”  "local" "area"
Mexican Neither "taco" "mexican” "salsa" "bean™
Overrated Neither "star" "review"  "give" "one"
Pizza Non-elites | "pizza" "sauce" "cheese™  "crust"
Reg. customer  Neither "time" "always"  “every" "week"
Service (bad)  Neither "wait" "table" "minute”  "waitress"
Service (good) Neither "service"  "fast" "quick™ "clean™
Will be back Neither "back™ "will" "next" "visit"
Will not tip Non-elites | "charge” "manager" "didnt" "pay"

Above are the results of a topic model that was run across a random sample of 200,000
Yelp reviews. Half of the sample is pulled from Yelp reviewers who left fewer than 30
reviews in total (non-elites) the other half are pulled from reviewers who left more than
30 reviews (elites). The topic names are labeled by the author according to frequent terms
associated with each topic. t.tests of these term frequencies are then conducted to
compare the frequency of each term across the two types of reviewers; those with
significantly and substantively more frequent occurrences in one group are labeled as
such. Overall, there is little difference in term frequencies among reviewer, suggesting
that the biased sample of Yelp reviewers should not bias my measurements of restaurant
similarity. Many of the topics regard consumer sentiments about the restaurants, which
are not represented in this project’s algorithms for measuring restaurant similarity.
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Appendix D — Distance from Median Review by Yelp Reviewer
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The above contour graph illustrates the proportion of reviews left by distance from each
Yelp reviewers’ median review location. Each contour represents a 5% distance
threshold; for example, 5% of Yelp Reviews are within a distance from their median
location reviewed within the first contour, 10% of Yelp Reviews are within the second
contour from their median review location, etc. This figure indicates that most Yelp
reviewers review restaurants that are located highly proximate to each other; on average,
about 50% of each reviewer’s restaurants reviewed are within a 2 mile radius, and 85%
are within a 5 mile radius. Moreover, these numbers are inflated by the fact that most
Yelp Reviewers have two foci of reviews (likely one near their home; the other near their
workplace).
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Appendix E — Geolocations of Restaurants in Figure 2.3

Above illustrates the geographic positioning of all restaurants sampled in Figure 2.3. The
blue restaurant illustrates the foci of this competitive network, and the circle around that
point represents the .5mi radius cutoff for restaurants in this sample.
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Appendix F — Receiver Operating Characteristic (ROC) Curve of

Model 3
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The above ROC curve is based on Model 3 in Table 2.3. The black line illustrates the
proportion of restaurants that the model predicts had dissolved (given a variety of
dissolution thresholds) which had truly dissolved (sensitivity), over the proportion of
restaurants that the model predicts had dissolved which had not dissolved (1- specificity).
The blue line illustrates this proportion if restaurant dissolution was guessed at random.
The model’s predictions are generally much better than random guesses; the area under
curve (AUC) is approximately 0.71.
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