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Abstract

This paper evaluates the role of regional clusters on entrepreneurship in regional industries. We
focus on the distinct influences of convergence and agglomeration on the rate of growth in the
number of start-up firms and in employment by start-up firms. While diminishing returns to
specialization within a location can result in a convergence effect, the presence of complementary
economic activity creates externalities that enhance incentives and reduce barriers for new
business creation. Clusters are a particularly important mechanism by which location-based
complementarities are realized. Using a novel panel dataset, there is significant evidence for the
impact of clusters on entrepreneurship, after controlling for the impact of convergence at the
region-industry level: industries located within a strong cluster experience higher growth in new
business formation and start-up employment.
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1. Introduction

In this paper, we examine the impact of agglomeration on the growth of
entrepreneurship at the regional level. In particular, we focus on the role of clusters, or
agglomerations of closely related industries, in new business formation. Large variations
in regional employment growth and in the rate of firm creation are a striking feature of
the US economy (Porter, 2003)." While a significant body of work explores why some
regions experience more rapid growth than others (Porter, 1990, 1998; Saxenian, 1994;
Glaeser, et al, 1992; Barro and Sala-i-Martin, 1995; Venables, 1996; Henderson, 1997;
Fujita, Venables, and Krugman, 1999), there is increasing academic and policy interest in
the particular role played by entrepreneurship. Startups seem to be an important driver of
net regional employment growth (Davis et al, 1996; Haltiwanger, et al, 2009), and there
is large regional variance in startup formation across regions (Armington and Acs, 2002).
A significant debate is underway regarding the role of the regional economic
environment in shaping differences in the rate of regional entrepreneurship and overall
economic performance (Porter, 1990 1998; Saxenian, 1994; Feldman, 2001; Armington
and Acs, 2002; Acs, et al, 2009; Glaeser and Kerr, 2009).

In an effort to explain region-industry growth two countervailing economic forces
must be accounted for: convergence and agglomeration (Delgado, Porter, and Stern,
2007). Convergence arises when, due to diminishing returns, the potential for growth is
declining in the level of economic activity (Barro and Sala-i-Martin, 1992).
Agglomeration exerts an opposite force on regional evolution. In the presence of
agglomeration economies, the potential for growth is increasing in the level of economic
activity (Glaeser, et al, 1992; Henderson, et al, 1995). From an empirical perspective,
distinguishing the relative importance and differential impact of convergence and
agglomeration has been problematic. =~ For example, if both convergence and

agglomeration effects are present, the impact of the initial level of economic activity on

' For example, using Bureau of Economic Analysis Economic Areas (EAs) as the unit of analysis, Porter
(2003) documents large cross-EA differences in employment growth during the 1990s, even when
conditioning on the initial level of EA employment, and there are even larger cross-EA differences in the
creation of new firms.

? While many studies of convergence focus on diminishing returns at the regional level, (Barro and Sala-i-
Martin, 1995), convergence may also arise at more micro levels of analysis, such as the region-industry
level (Henderson, et al, 1995; Dumais, et al, 2002, Bostic, et al, 1997; Cingano and Schivardi, 2004;
Higgins et al, 2006). See Magrini (2004) for a recent review of the convergence literature.



growth will reflect a balancing of the two effects, making it infeasible to identify either
effect in isolation (Henderson, et al, 1995).

We move beyond this traditional impasse by identifying the impact of industrial
agglomeration while simultaneously accounting for the impact of convergence. Our key
insight is that while forces that give rise to both convergence and agglomeration operate
within narrow economic units, agglomeration across complementary economic units can
have a separate and distinctive impact (Delgado, Porter, and Stern, 2007). Building on
Porter (1990, 1998, 2001), we focus specifically on the role of clusters —complementary
industries related by technology, skills, demand and other linkages. Agglomeration is a
consequence of the presence of complementary economic activity and clusters are a
particularly important mechanism by which location-based complementarities are
realized.

The main contribution of this paper is to examine a particularly important channel
through which cluster-driven agglomeration might operate: entrepreneurship. The
presence of a cluster of related industries in a location will foster entrepreneurship by
lowering the cost and risk of starting a business, enhancing opportunities for innovation,
and enabling better access to a more diverse range of inputs and complementary products.
(Saxenian 1994, Porter 1998, 2000, Feldman and Francis 2004, Glaeser and Kerr 2009).
The co-location of companies, customers, suppliers, and other institutions increases the
perception of innovation opportunities while amplifying the pressure to innovate (Porter,
2000). Since entrepreneurs are essential agents of change and innovation, a strong cluster
environment should foster entrepreneurial activity.

Our empirical work exploits the establishment-level Longitudinal Business
Database (LBD) of the Census Bureau and the cluster definitions from the US Cluster
Mapping Project. This classification system defines clusters as collections of industries
with high levels of co-location in terms of employment. We consider several related
measures of the cluster environment surrounding a region-industry, including a measure
based on individual clusters, a more encompassing measures that incorporates linkages
among related clusters, and a third measure that captures the strength of clusters in
neighboring regions. Using both databases we measure entrepreneurship and industrial

composition at the region-cluster-industry level. We focus on a dataset that spans the



years 1990-2005, includes 177 mutually exclusive Economic Areas (EAs) in the
contiguous United States, and incorporates (up to) 588 industries spanning 41 “traded”
clusters for each EA.

Our empirical work focuses on early stage entrepreneurship, which we measure
using two related indicators of start-up activity. We measure the number of new
establishments by new firms in a region within a given traded industry (which we refer to
as the level of start-up establishments), and by the employment in these new firms
(which we refer to as the level of start-up employment). We then compute the growth
rate in start-up establishments and start-up employment in each regional industry, and
estimate the impact of cluster-driven agglomeration while accounting for the impact of
convergence. Our core specifications incorporate detailed controls, including region and
industry fixed effects. In other words, we estimate the impact of cluster composition on
entrepreneurship, relying exclusively on variation arising from the relative size or
strength of each cluster within a given region, and accounting for the overall growth in
start-up activity of a given region and industry.

We find striking evidence for the simultaneous yet distinct influences of
agglomeration and convergence on the growth rate of start-up establishments and start-up
employment. Growth in start-up employment at the region-industry level is declining in
the initial level of start-up employment at the region-industry level, consistent with the
presence of a convergence effect. At the same time, the start-up employment growth rate
is increasing in measures of the strength of the cluster environment. We find similar
findings for the growth rate of start-up establishments. By accounting for convergence
and the potential for competition within each regional industry, we are able to isolate the
positive impact of cluster-related complementarities on entrepreneurship. The positive
impact of clusters is both quantitatively and statistically significant, and robust to a
variety of checks. The results provide support for the hypothesis that strong clusters
facilitate growth in entrepreneurship over time.

The rest of the paper is organized as follows. We begin by discussing the
relationship between entrepreneurship and cluster-driven agglomeration, and develop the
main hypotheses. Section 3 presents the empirical framework. Section 4 explains the

data, and Section 5 discusses the main findings. A final section concludes.



2. Clusters and Entrepreneurship

Numerous types of mechanisms are associated with entry of new businesses in
agglomerated areas. On the one hand, starting with Marshall (1920), regional studies
have highlighted at least three distinct drivers of agglomeration: knowledge spillovers,
input-output linkages, and labor market pooling. Over time, an extensive literature has
also incorporated additional agglomeration drivers, including local demand, specialized
institutions and the structure of regional business and social networks (Porter 1990, 1998,
2000; Malecki, 1990; Saxenian 1994; Markusen 1996). While most empirical studies of
agglomeration focus on the variables such as the aggregate rate of employment growth,
an emerging theoretical and empirical literature emphasizes the role played by new
business formation in regional economic growth (Davis et al, 1996; Acs and Armington,
2006; Haltiwanger, et al, 2009). Relative to business expansions by incumbent firms,
entrepreneurs may be more likely to be able to identify opportunities -- both in the form
of new technologies and new markets -- that exploit distinctive sources of regional
comparative advantage. As such, the presence of a strong cluster environment that
reduces barriers to entry and enables regional comparative advantage will be a central
driver of entrepreneurial growth.

The precise mechanisms by which the structure of the regional economic
environment impacts entrepreneurship are numerous and subtle. Chinitz (1961)
hypothesizes that a key requirement for entrepreneurship is the presence of a network of
smaller suppliers, and attributes differences in the rate of entrepreneurship between New
York and Pittsburgh at that time to differences in the structure of suppliers. Building on
these earlier studies, a rich (though mostly qualitative) literature has emerged examining
the relationship between entrepreneurship and regional economic performance. For
example, Saxenian (1994) attributes the success of Silicon Valley to the culture of
entrepreneurship (relative to Route 128) and a more decentralized organization of
production. An extensive literature also highlights the broader relationship between
entrepreneurship and the regional innovation system (e.g., Audretsch, 1995; Feldman
2001; Shane 2001; Armington and Acs, 2002; Acs, et al, 2009). Recently, Glaeser and
Kerr (2009) carefully test for the impact of specific Marshallian economies of

agglomeration on new firm entry; while their analysis does not specifically evaluate the



impact of clusters, they provide complementary evidence that the presence of small
suppliers and workers in relevant occupations is associated with a higher level of new
business creation.

At the same time, a small but growing (and mostly independent) literature within
regional and international business studies examine how the benefits of agglomeration
depends on attributes of the firm as well as on attributes of the industry and the location
(Saxenian 1994; Henderson 2003; Rosenthal and Strange 2003; Alcacer 2006; McCann
and Mudambi 2005; among others). There are key interactions between the internal
organization of the firm (startups, multi-unit, multinational, small or large, younger or
older, corporate organization, labor composition, etc.) and the agglomeration benefits
from a geographical location. For example, Henderson (2003) finds that the extent of
localization economies is larger for single-unit plants (vs. multi-unit plants), which tend
to be more dependent on the external environment. Related work suggests that the
presence of smaller (and younger) firms spurs additional new business creation and
regional employment growth (Glaeser et al. 1992, Rosenthal and Strange, 2009; Glaeser,
Kerr and Ponzetto 2009, and Feberman, 2007, among others). At the same time, some
regional and cluster studies highlight the particular importance of so-called “anchor”
firms (often multinationals) that induce spin-offs and attract firms from related industries
(Agrawal and Cockburn 2002, Klepper 2007, Feldman, Francis, and Bercovitz 2005,
Greenstone, et al, 2008).

The goal of this paper is to test whether the presence of related economic activity
in a region facilitates the growth of start-up establishments and start-up employment in
regional industries. Instead of testing for individual underlying mechanisms that induce
agglomeration benefits, we use Porter’s (1998, 2003) empirical cluster framework to
explore agglomeration across set of industries related by technology, skills, demand, or
other linkages.

Our first hypothesis focuses on the relationship between the growth of start-up
activity and the initial level of start-up activity within a region-industry. This relationship
will be subject to a convergence effect, which can be interpreted in terms of mean-
reversion or diminishing marginal returns to entrepreneurial opportunities. Mean

reversion simply implies that a region-industry that has a relatively high level of start-up



activity at to (compared to the average start-up activity in the industry in other regions
with similar size and economic composition) is more likely to experience a lower
(stochastically determined) growth rate of start-up activity between t, and t; (Barro and
Sala-i-Martin, 1991; Quah, 1996; Henderson, et al, 1995). At the same time, it is
possible that the returns to entrepreneurial activity are diminishing in the level of
entrepreneurial activity as the result of input scarcity. For example, if the price of
specialized (labor or capital) inputs is increasing in the intensity of competition among
start-up firms, there will be diminishing returns to entrepreneurship as a result of
congestion costs (Sorenson and Audia, 2000). As a result, a high level of
entrepreneurship in a particular region-industry at a point in time may result in
diminished near-term opportunities for entrepreneurship in that same region-industry.
Thus, our first hypothesis is that there will be convergence in entrepreneurship at the
narrowest unit of analysis: the region-industry growth rate of start-up activity will be
declining in the level of region-industry start-up activity.

Our remaining hypotheses focus on the impact of related economic activity on the
growth rate of start-up activity. Conditional on the traditional convergence effect, the
relationship between related economic activity and entrepreneurship depends on how the
presence of particular types of economic activity impacts entrepreneurial incentives. On
the one hand, the returns to entrepreneurship are lower in the face of intensive
competition, and so the incentives for start-up entry in a particular location will be lower
in the presence of a higher level of local price-based competition (Porter, 1980;
Bresnahan and Reiss, 1991). At the same time, the presence of complementary economic
activity — specialized suppliers, a local customer base, producers of complementary
products and services — increases the pool of inputs available and enhances the range and
diversity of profitable entry opportunities and so improves entrepreneurial incentives.
The empirical relationship between entrepreneurship and particular types of pre-existing
economic activity will therefore depend on whether these activities are substitutes or
complements (Bulow, et al, 1985).

It is useful to distinguish, then, between the level of specialization of a region in a
particular industry and the strength of the cluster environment around that industry. On

the one hand, the relationship between industry specialization and entrepreneurship



growth is ambiguous. While industry specialization in a particular location may enhance
opportunities for learning, innovation, and entrepreneurial spawning (Audretsch, 1995;
Gompers, et al, 2005; Glaeser and Kerr, 2009), a large presence of established firms
(relative to the size of the national industry) intensifies local competition, dampening
incentives for entrepreneurial entry. Our second hypothesis is, then, that the ultimate
empirical relationship between industry specialization and the growth rate of
entrepreneurship will depend on the precise nature of competition (cost-based or
innovation-based) and the pattern of strategic interaction between entrant and
established firms.

In contrast, a strong cluster environment surrounding a particular region-industry
enhances the incentives and potential for entrepreneurship. The firms within a
geographically concentrated cluster share common technologies, skills, knowledge,
inputs, consumers, and institutions, facilitating agglomeration across complementary and
related industries (Porter 1990, 1998, 2003; Feldman and Audretsch, 1999; Delgado,
Porter and Stern, 2007). A strong cluster environment enhances growth at the region-
industry level by raising the returns to business expansion, capital investment, and
innovation, thereby increasing job creation and productivity (see e.g., Porter 1990, 1998,
2003; Saxenian 1994; Swann 1998; Feldman and Audretsch, 1999; Delgado, Porter and
Stern, 2007; Bresnahan and Gambardella, 2004; Bonte, 2004; Delgado, 2005; Cortright,
2006). More specifically, clusters of related and complementary industries facilitate new
business formation by lowering the costs and risks of entry (e.g., by providing low-cost
access to specialized capital inputs, offering an environment in which the costs of failure
may be lower), enhancing opportunities for innovation-based entry (as a stronger cluster
environment will allow local entrepreneurs to develop and commercialize new
technologies more rapidly) and allowing start-up firms to leverage local resources to
expand new businesses more rapidly. Finally, strong clusters are often associated with
the presence of innovation-oriented demanding local consumers, thus providing increased
opportunities for entrepreneurial entry into emerging and differentiated market segments.
As a result, entrepreneurship is a particularly important channel for cluster-driven
agglomeration, and may therefore be crucial for the role of clusters in enhancing regional

economic performance (Porter 1998; Saxenian 1994; Swann 1998; Feldman 2001;



Feldman and Francis 2004; Feser, Renski, and Goldstein, 2008; Glaeser and Kerr, 2009;
Wennberg and Lindqvist, 2008). Thus, our third hypothesis is that, after controlling for
the convergence effect, the growth rate of entrepreneurship will be increasing in the
strength of the cluster environment.

Finally, it is useful to consider the impact of clusters in neighboring regions. On
the one hand, strong clusters in neighboring regions enhance the opportunities and lower
the costs of entrepreneurship (e.g., by providing access to suppliers and customers, by
allowing firms to leverage local technology and institutions, etc). Indeed, Delgado,
Porter and Stern (2007) find that clusters and industries that are co-located in nearby
regions benefit from inter-regional spillovers in employment growth. At the same time,
the presence of a strong cluster in a neighboring region is a source of locational
competition, particularly for capital investment and entrepreneurship. Hence
entrepreneurs may move to a neighboring region to open a business when that
neighboring region has a strong cluster environment, reducing the potential for
entrepreneurship growth for locations with weak cluster environments adjacent to strong
cluster environments. Therefore, our final hypothesis is therefore that the impact of the
strength of neighboring regions’ cluster environment on the growth rate of
entrepreneurship is ambiguous, and will depend on the relative salience of inter-regional

spillovers versus locational competition.

3. Econometric Model

To test our hypotheses, we need an empirical framework that allows us to
evaluate the distinct impacts of agglomeration and convergence forces on start-up
activity. We measure start-up activity in two related ways: the number of establishments
by new firms (with payroll) in a region within a given traded industry (i.e. start-up
establishments), and the employment in these new firms (i.e., start-up employment). We
are particularly interested in separating out the role played by industrial clusters in start-
up activity, while controlling for the economic activity within a region-industry, as well
as broader factors such as the overall growth of a region or industry. To do so, we adapt
the conditional convergence framework (Barro and Sala-i-Martin, 1991; Henderson, et al,

1995) and evaluate how the growth in start-up activity at the region-industry level is



impacted by the level of start-up activity, industry specialization, the strength of the
cluster environment, and region and industry fixed effects. Our core econometric

specification is therefore:

In [ Start-up ACtiVitYi,c,r,zoozfos

— = a, + & In(Start-up Activity, _, 99,_0,) + B, In( Industry Spec; . . 1590) +
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B, In(Cluster Spec) ™} + B, In(Linked Clusters Spec®™ises) +
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The dependent variable is the growth in start-up activity of traded industry i in
cluster ¢ at region (EA) r, where the base period is the mean level of start-up activity
during the years 1991-1994, and the end period is the mean level of start-up activity
during the year 2002-2005 (Section 4 includes a detailed explanation of this measure and
its construction). The explanatory variables include the level of start-up activity in the
region-industry, industry specialization and measures of the strength of related economic
activity: cluster specialization, the strength of linked (related) clusters, and the strength
of similar clusters in neighboring regions. These measures capture the relative scale and
strength of different types of economic activity potentially impinging on start-up activity
at the region-industry level. Our main hypotheses are that the growth rate in start-up
activity is subject to a convergence effect (6 < 0), is increasing in the strength of clusters
and linked clusters (f, > 0 and B3 > 0), and has an ambiguous relationship with industry
specialization (B;) and the strength of clusters in neighboring regions (B4).

Our main econometric specification also accounts for other differences across
regions and industries that affect the start-up growth rate through the inclusion of
industry and EA fixed effects. Our analysis thus controls for unobserved factors (such as
idiosyncratic demand shocks, regional policies, etc) that might be correlated both with
our measures of cluster specialization and the start-up growth rate in a particular region-
industry. Thus, our core identification structure estimates the impact of cluster
composition on entrepreneurship, relying exclusively on variation arising from the
relative size or strength of that cluster within a given region, accounting for the overall

growth of a given region and industry. Finally, to account for correlation across
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industries within each regional cluster, the standard errors are clustered by region-

cluster.’

4. Data

To estimate equation (1), our dataset includes measures of start-up activity at the
region-industry level (at two points in time), as well measures of industry and cluster
specialization during a baseline period. We combine data from the Longitudinal
Business Database (LBD) of the Census Bureau with cluster definitions drawn from the
US Cluster Mapping Project (Porter, 2001, 2003). Before turning to the precise variable
definitions, it is useful to provide an overview of these two data sources.

The LBD provides annual observations of the universe of US establishments with
payroll from 1976 onward. For each establishment, the LBD includes the date of entry,
location, industry code, and number of employees of that establishment. Importantly, the
LBD offers both an establishment-level identifier and a firm-level identifier, so it is
possible to distinguish between entrepreneurship — the initial entry of a new firm in its
first establishment — and business expansions by existing firms through the opening of
new establishments.* Our approach aggregates this data to the region-industry level and
the region-cluster level, using four-digit SIC codes as the primary industry unit and
economic areas (EAs) as the geographic unit.’

Our approach combines the LBD with a classification system for cluster

definitions drawn from the US Cluster Mapping Project (Porter, 2001, 2003). While the

3 Additionally, since nearby regions tend to specialize in the same type of clusters, there might be spatial
dependence of the performance and unobserved attributes of a region and its neighbors. For instance
spatial dependence in performance exists if the growth of neighboring industries and clusters influences
own-industry growth. Similarly, unobserved attributes of the neighboring regions, such as human capital
composition, may induce spatial dependence in the error terms. We take into account this potential spatial
dependence by including the cluster specialization of adjacent regions in our main specifications.

* For detailed information on the LBD data see Jarmin and Miranda (2002). Note that one limitation of the
data is that the inflow of new establishments may be recorded with some delay, with census-years being
most accurate in terms of recording all new establishments.

> There are 179 BEA-defined EAs covering the entirety of the United States. To minimize concerns about
differences in transportation costs and the definition of neighboring regions, we exclude the Alaska and
Hawaii EAs. The boundaries of EAs are drawn to reflect meaningful economic regions, ensure
comprehensive regional coverage and have been highly stable over time (Johnson and Kort, 2004). EA
include both rural and urban areas, facilitating the mapping of clusters that span urban and proximate rural
areas (Porter, et al., 2004).
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measurement of complementary economic activity in a consistent and unbiased manner is
a considerable challenge,® the US Cluster Mapping Project develops a methodology for
grouping four-digit (and some three-digit) SIC codes into cluster and linked cluster
groupings.” The methodology first distinguishes between three “types” of industries with
very different patterns of spatial competition and locational drivers: traded, local, and
natural resource-dependent. To focus our analysis on those industries most closely linked
to our underlying hypotheses, we focus exclusively on the traded industries, where the
relationship between start-up activity and cluster-driven agglomeration is likely to be
most salient. These traded industries consist of 588 (mostly) four-digit SIC codes that are
associated with service and manufacturing industries that sell products and services
across regional and national boundaries.® Porter (2001, 2003) assigns each traded
industry into one of 41 mutually exclusive traded clusters (referred to as ‘“narrow
clusters”), where the set of industries included in each cluster primarily reflects pairwise
correlations of industry employment across locations (Appendix A provides a
comprehensive list of the 41 traded clusters, and key attributes).” Examples of clusters
include automotive, apparel, biopharmaceuticals, and information technology. Within a
cluster such as information technology, 9 individual 4-digit SIC code industries are
incorporated, including electronic computers (SIC 3571) and software (SIC 7372). These

cluster definitions form our key measures of complementary economic activity.

A small literature considers alternative classification schemes. Ellison and Glaeser (1997) study the
coagglomeration of manufacturing industries, creating an index reflecting “excess” concentration. Feldman
and Audretsch (1999) group those manufacturing industries that have a common science and technological
base, using the Yale Survey of R&D Managers. Other studies define linkages between industry activities
in terms of their technological and/or market proximity (Scherer, 1982; Jaffe, Trajtemberg and Henderson,
1993; Bloom, Schankerman and Van Reenen, 2005). Finally, Ellison, Glaeser and Kerr (2007) test various
mechanisms inducing co-agglomeration of industries, and conclude that input-output linkages are the most
relevant factor followed by labor pooling. This reasoning is consistent with the methodology developed in
Porter (2001, 2003). See also Feser and Bergman (2000) and Forni and Paba (2002).

" In order to use EA-industry data back to 1990, the analysis employs SIC system rather than the more
refined NAICS systems, which was introduced in 1997 (and modified in a significant way in 2003). By
construction, recent NAICS-based data can be translated (with some noise) into the older SIC system. The
use of NAICS or SIC definitions has no meaningful impact on our core empirical results.

¥ Traded industries account for over 87% of domestic US patents and 30% of total US employment (Porter,
2003). In contrast, local industries do not agglomerate (are not localized) and focus on local demand.

? Porter (2003) describes the methodology and classification system in detail. The primary classifications
are based on empirical patterns of employment co-location among industries, adjusted with input-output
linkages and qualitative data.

12



Variable Definitions

Entrepreneurship. Our two main measures of entrepreneurial activity are start-up
employment and start-up establishments by new firms within a given EA-industry. By
focusing on start-up firms (those opening their first establishment), our measure offers a
reasonably proxy for the level of entrepreneurial activity in a given industry and location
at a given point in time. Specifically, start-up employment is defined as total level of
employment in new firms during their first year of operation (with payroll); and start-up
establishment is the count of these new firms. Consistent with prior work (Armington
and Acs, 2002; Glaeser and Kerr 2009), we computer 4-year averages for these annual
start-up activities.'® Using a multi-year span both allows for a more informative signal of
the true level of entrepreneurial activity and also significantly reduces the number of EA-
industries in which we observe zero entrants during a given period. A Start-Up
Employment is therefore defined as In(Start-Up Employmenti,o0s / Start-Up
Employment;,o1.94 ), and A Start-Up Establishments is therefore defined as In(Start-Up
Establishment; . 0.5 / Start-Up Establishment; ;9.04).""

There are large differences across EAs and clusters in the level of start-up
activity. At the cluster level, the average (1990-2005) annual start-up establishments (as
% of establishments in the cluster) varies from a maximum of 4.4% in Business Services
to a minimum of 0.59% in Power Generation and Transmission (See Table Al). At the

regional level, the annual start-up establishment rate during 1990-2005 (as % of traded

12 As well, we drop establishments with missing or zero employment and with very low wages (below half
of the minimum wage) or very high wages (above $2 million USD). Additionally, for consistency with
prior work (Porter, 2001, 2003), we limit the data to industries that are also included in County Business
Patterns data (i.e., private sector non-agricultural employment). When we aggregate the data at the EA-
industry level, we exclude establishments with missing industry information, but include these observations
to compute region-level and US-level totals. Our key qualitative findings are robust to a wide range of
alternative definitions for the level of start-up activity.

" To include in the analysis region-industries where we observe zero start-up activity in either the baseline
or terminal periods, we set a minimum level of start-up activity of 1 employee and 0.01 establishments. By
providing a baseline level, we are able to include a wider range of region-industries. We also demonstrate
that our results are robust to the subsample which conditions on a positive level of region-industry start-up
activity in both the baseline and terminal period. In the reported empirical analysis we exclude region-
industries with zero employment. These observations concentrate in very small regions (e.g., Aberdeen,
SD and Bismarck, ND) and small industries (e.g., industries in tobacco and footwear clusters). While the
inclusion or exclusion of region-industries with zero activity levels requires a subjective choice, our core
findings are robust to alternative treatments of this data issue.
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establishments in the region) is 2.60% on average (with a standard deviation of 0.79).
The top-EAs by the rate of start-up establishments include Las Vegas-Paradise-Pahrump
(NV) and Austin-Round Rock (TX), and the bottom-two EAs are Grand Forks (ND-MN)
and Mason City (IA) (See Table A3).

While we primarily focus on start-up establishments, for robustness we also look
at total new establishments (including both start-up firms and new establishments of
existing firms). The strength of the cluster environment in a location should foster the
entry of both types of new establishments. To test this, we compute two related entry
indicators. Entry employment is defined as the level of employment in all new
establishments within a given EA-industry; and entry establishment is the count of these
new establishments. A Entry Employment is then defined as In(Entry Employment; ; p2-0s /
Entry Employmenti;o;94 ), and A Entry Establishments is In(Entry Establishment; ;2.5 /
Entry Establishmenti;o1.04). Interestingly, Table 1 shows that the average growth rate in
start-up establishments in a region-industry (11%) is larger than the growth rate in entry
establishments (6%).

Industry Specialization. Our main empirical task is to examine the impact of the
industry and different aspects of the cluster environment on the growth rate in start-up
activity. As such, we require measures of industry and cluster specialization, as well as
the strength of related and neighboring clusters. We draw on a body of prior work which
uses location quotients (LQ) as a primary measure of regional specialization (Glaeser, et
al. 1992, Feldman and Audretsch 1999, Porter 2003, among others). Specifically, the
employment-based industry specialization in the base year (1990) is measured by the
share of regional employment in the industry as compared to the share of US total

employ, . /employ,
employ; s /employ s °

employment in the national industry: INDUSTRY SPEC

Employ.,i,r,90 =

where r and i indicate the region (EA) and the industry, respectively. This indicator
captures to what extent the industry is “over-represented” (in terms of employment) in
the EA. Note that the specialization indicators are based on employment in the start-up
employment models, and based on establishment in the start-up establishment models. In
the data, the employment-based industry specialization of regions has a mean of 2.11 and

a standard deviation of 6.68 (the establishment-based industry specialization has a mean
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of 1.72 and standard deviation of 3.17; Table 1). As mentioned earlier, we include region
and industry fixed effects, and so the independent variation in our main empirical
specifications is driven exclusively by variation in employment in the region-industry.
Cluster Specialization. We utilize an analogous procedure to develop a measure
for cluster specialization. For a particular EA-industry the specialization of the EA in
cluster ¢ is measured by the share of regional employment in the cluster (outside the

industry) as compared to the share of US total employment in the national cluster (outside

' employ*“" /employ,
the industry):  CLUSTER SPEC = ’ The average

Employ,icr,90 — outside i

employc,us / employ g .

(employment-based) cluster specialization is 1.21 (and the standard deviation is 2; Table
1). Since this measure of specialization is relative to the size of employment in that
region outside the cluster (i.e., it is relative to the overall size of the region), a region may
exhibit specialization within a particular cluster even though that region only maintains a
small share of the overall national employment of that cluster. While it is not surprising
that leading regions in the automotive cluster include Detroit-Warren-Flint (MI) and
Cleveland-Akron-Elyria (OH), there are also pockets of automotive cluster strength in
smaller regions, such as Lexington-Fayette-Frankfort-Richmond (KY) and Louisville-
Elizabethtown-Scottsburg (KY-IN) (Figure Al). Finally, it is useful to note that, with the
inclusion of region and industry fixed effects and a measure of industry specialization,
the independent variation that is utilized in the regression comes exclusively from the
employment within a given cluster (outside the industry).

Strength of Linked and Neighboring Clusters. We additionally develop measures
of the strength of “linked” clusters and the presence of clusters in neighboring regions.
The measure of linked clusters is developed using the set of “broad” cluster definitions
defined in Porter (2003). Specifically, while the narrow cluster definitions used for the
earlier measure come from a classification scheme in which each industry is assigned to a
unique cluster, Porter (2003) also develops a broad cluster definition in which each
industry may be associated (measured by locational correlation of employment) with
multiple clusters. To develop a measure based on linkages to cluster ¢, we include those
broad clusters that have at least 1 of cluster C’s narrow industries in common. For

example, in the case of automotive, the linked clusters include production technology,
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metal manufacturing, and heavy machinery; among others (see Table A2)."”” Having
identified the set of clusters linked to a cluster (C'), we then measure the degree of

overlap between each pair of clusters (C, J) using the average proportion of narrow

industries that are shared in each direction:
shared industries,; shared industries;_ | 5 o
O ;= - - , - —— |.” The strength of a region in clusters
’ total industries, total industries;

linked to cluster C is then defined by a weighted sum of the location quotients associated

with each linked cluster:

o
2. (o *employ, )

LINKED CLUSTERS SPEC,, ,,, = f,cﬁ /
Z (mc,j * emplo}’j,us)

jeCs

employ,

employ '

For instance, based on this weighting which emphasizes the degree of overlap between
clusters, our measure of the strength of linked clusters for industries within the
automotive cluster will weigh the presence of the metal manufacturing cluster more
heavily than the presence of the furniture cluster (Table A2).

We also develop a measure of the presence of like clusters in neighboring regions.
In part, we include this measure based on the simple empirical observation that
specialization in a particular cluster tends to be spatially correlated across neighboring
regions — the historical strength of the automotive cluster near Detroit is likely reinforced
by cluster specialization in automotives in neighboring EAs such as Grand Rapids-
Muskegon-Holland (MI), Toledo-Fremont (OH) and Fort Wayne-Huntington-Auburn
(IN). To explore the role of neighboring clusters in start-up growth in a region-industry,
we compute the (average) specialization of adjacent regions in the cluster (including the
focal industry). In other words, the strength of neighboring clusters is measured by the
average LQ of the adjacent regional clusters.

Finally, as mentioned earlier, we include a complete set of region and industry

fixed effects in our main specifications, and so control for unobserved factors that may be

2 Clusters with linkages with many other traded clusters include analytical instruments and
communications equipment, among others; while clusters with few connections to other clusters include
tobacco and footwear.

13 For example, automotive has 5 narrow industries (out of 15) in common with production technology, and
production technology shares 7 narrow industries (out of 23) with automotives; the degree of overlap
between these two clusters is then @, ; =.32.
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correlated with these measures of industry and cluster specialization, including regional
or industry-level demand shocks, regional policies, or national regulatory changes that

affect all firms within certain industries.

5. Results

We now turn to our key findings. Our analysis begins in Table 2 where we
compute the average start-up growth rates for region-industries based on their initial
levels of start-up activity and cluster specialization. Specifically, we divide all region-
industries into four categories based on whether they are above or below the median level
of start-up employment (for their industry), and above or below the median level of
cluster specialization (for their industry). There are striking differences in the start-up
employment growth rate across these conditions. Whereas region-industries with a
relatively high level of start-up employment and a low level of cluster specialization
experience, on average, a 32% decline in the rate of start-up activity between 1991-1994
and 2002-2005, those region-industries with low levels of start-up employment and a
high level of cluster specialization register a 44% growth rate on average during this
period. There is a statistically and quantitatively significant increase in the average start-
up employment growth rate when moving from high initial level of start-up employment
to a low initial level of start-up employment, consistent with a mean-reversion process in
start-up activity. However, regardless of the initial level of start-up employment, there is
a statistically and quantitatively significant increase in the growth rate of start-up activity
when one moves from a region-industry with a low level of cluster specialization to one
with high level of cluster specialization.'* In other words, those regional industries that
are located in a relatively strong cluster experience much higher growth rates in
entrepreneurial activity.

While the sharp contrasts in Table 2 are intriguing, it is of course possible that
alternative factors, such as industry specialization, or industry and region effects, are
driving these striking results. We therefore turn in Table 3 to a more systematic

regression analysis. The sample consists of a cross-section of region-industries in 177

' We find the same conclusions when looking at start-up establishment growth; and using alternative sub-
samples (e.g., no-zeros sample and the sub-sample of top-100 national industries by start-up
establishments).
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EAs and 588 four-digit SIC code industries, grouped into 41 traded clusters. After
conditioning on those region-industries where we observe a positive level of employment
in the base period, our sample consists of 40717 observations."”” The dependent variable
is the start-up growth rate between the baseline period (1991-1994) and a terminal period
(2002-2005). In (3-1), we include only the level of start-up employment, the level of
industry specialization and the level of cluster specialization (for the moment, we exclude
region and industry fixed effects). The results provide evidence for the two main
findings of this paper. First, there is a large convergence effect — a doubling of the initial
level of start-up employment is associated with a 31% decline in the expected growth rate
of start-up activity. At the same time, the presence of complementary economic activity
in the form of clusters also has an important influence on the growth rate of
entrepreneurship. Both industry and cluster specialization are associated with higher
rates of start-up activity.

These results are reinforced in (3-2), where we incorporate both the strength of
linked clusters and the strength of the cluster in neighboring regions. Both cluster
specialization and the presence of linked clusters have a positive influence on the start-up
growth rate, while strength of clusters in neighboring regions is actually associated with a
lower growth rate of start-up activity. This latter finding is consistent with the hypothesis
that, while a strong local cluster environment enhances incentives for entrepreneurship,
neighboring clusters may also attract entrepreneurs and so provide a substitute for growth
within a particular EA.

In (3-3), we implement the specification developed in equation (1), in which we
include region and industry fixed effects, thus controlling for unobserved shocks such as
an increase in demand or a change in the policy environment towards a particular
industry. The main results concerning mean reversion and the impact of cluster
specialization are robust. The only meaningful change in the estimates concerns the

impact of neighboring clusters; not surprisingly, given that the sign on the coefficient on

> As mentioned in the Data Section, we scale the (4-year average) level of entry in a region-industry to be
able to include in the sample those regional industries with zero start-up activity (in 1991-1994 and/or
2002-2005). . While we use the scaling to avoid selection problems, we also drop those observations with
zero start-up births (models 3-4 and 4-4) and compare the findings for the cases of including and excluding
the zeros.
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Cluster Spec in Neighbors is ambiguous from the perspective of theory, the estimated
coefficient depends on whether we control for industry and region heterogeneity.

Finally, in (3-4), we conduct a robustness check in which we drop all region-
industries in which we observe zero start-up employment during either the base period or
the terminal period (this allows us to avoid the scaling adjustments to the dependent
variable and the convergence effect measure that we discussed in the Data Section). The
main results are not only robust to a subsample that focuses on those region-industries
with a positive level of start-up activity in both the base and terminal period, but the
estimated coefficients on each of the parameters associated with the cluster environment
increase in a meaningful way.

To illustrate the size of the effects, consider a one-standard deviation shift in each
of the measures of industrial and cluster specialization using the coefficient estimates
(and sample) from (3-4)."® A one standard-deviation increase in industry specialization
(4.29) is associated with a 11.5% increase in the annual start-up employment growth rate,
while a one standard-deviation shift in cluster specialization (1.91) is associated with a
1.6% increase in the expected annual start-up employment growth rate.'” In other words,
after controlling for the impact of convergence, there is a quantitatively important impact
of related economic activity on start-up activity.

The core findings persist when we shift attention towards measures of
entrepreneurship and specialization based on the number of establishments (rather than
the total employment within those new establishments). In Table 4, both the dependent
and independent variables are now based on counts of establishments, and the structure of
the four specifications mirrors the logic of Table 3. We begin in (4-1) by including the
level of start-up establishment activity, industry specialization and cluster specialization;
add both the linked cluster and neighboring cluster measures in (4-2); add region and
industry fixed effects in (4-3); and condition on a sample that excludes all region-

industries with zero start-up establishments in either the baseline or terminal period in (4-

' We focus our analysis of the magnitudes on this latter specification since this subsample is not subject to
the re-scaling of the dependent variable that we implement in (3-1)-to-(3-3).

7 Alternatively, an increase in the level of industry specialization (cluster specialization) from the 25" to
the 75™ percentile value is associated with a 3.5% (0.7%) increase in the annual start-up employment
growth rate.
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4). Our core results concerning the convergence effect and the impact of cluster
specialization are robust. Interestingly, the only significant difference in the results
concerns the estimated effect of industry specialization. Whereas the coefficient on
industry specialization was positive, the coefficient on industry specialization in the first
two columns of Table 4 is negative (and significant).'"® While the coefficient becomes
positive and significant when we include region and industry (or only industry) fixed
effects, the heterogeneity of this parameter across specifications is consistent with the
fact that the effect of industry specialization on entrepreneurial growth is ambiguous. In
contrast, the coefficient on the impact of clusters (both using the narrow cluster definition
as well as the impact of “linked” clusters) is positive across all specifications.

Finally, in Table 5, we consider an alternative measure of “new” economic
activity by examining the growth in employment in “new” establishments (even if the
firm may already exist in other locations) and counts of new establishments (including
new establishments by already existing firms). While this measure combines “pure”
entrepreneurship with more traditional types of business expansion, the opening up of
new establishments (and employing a significant number of workers in those
establishments) is a crucial channel by which entrepreneurial firms grow over time and
contribute to aggregate economic performance. Each of the specifications in Table 5
includes region and industry fixed effects, and only vary in the number of measures of
related economic activity that are included (i.e., whether the linked cluster and
neighboring cluster variables are included) and whether entry activity is measured based
on employment (models 5-1 and 5-2) or based on counts of new establishments (models
5-3 and 5-4)." The results are robust across all of the specifications — there is a mean-
reversion effect in the data consistent with convergence, and a positive impact of cluster
strength and scale on the growth rate of new establishments and of the employment in
new establishments.

It is useful to emphasize that our core findings are in fact robust to a variety of

robustness checks. We have varied both the length and precise dates of both the base and

" In contrast, the effect of the (log of) the number of establishments in the region-industry is positive;
suggesting that the scale of the industry matters for start-up establishment growth.

' The explanatory variables are based on employment in the entry employment models (5-1 and 5-2) and
based on count of establishments in the entry establishment models (5-3 and 5-4).
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terminal periods; experimented extensively with how to account for the fact that many
region-industries experience zero start-up activity in a given period; focused the analysis
on the top 100 industries by number of new firms;*’ controlled for the total employment
(establishment) growth in the region-industry; and considered whether the impact of
clusters is particularly salient in certain types of regions (e.g., large versus small) or
industries (e.g., service versus manufacturing).”’ In each of these cases, the main results

are robust to a wide range of alternative specifications and subsamples.

6. Conclusion and Extensions

This paper finds striking evidence for the simultaneous yet distinct influences of
agglomeration and convergence on the growth of the number of new firms and
employment by new firms in regional (traded) industries. The growth in start-up
activities at the region-industry level is declining in the initial level of start-up activity at
the region-industry level due to convergence forces. After controlling for convergence,
however there is strong evidence that the presence of complementary economic activity --
most notably, the presence of strong local clusters -- accelerates the growth in start-up
activities. We find that industries located within a strong cluster or that can access strong
linked clusters are associated with higher start-up employment growth rates and higher
entry of new firms. More generally, clusters matter for the birth of both startup firms
and new subsidiaries of existing firms.

These findings offer an important and novel contribution to the ongoing debate
about the impact of related economic activity on entrepreneurship and economic
performance. Most notably, building on the cluster framework developed by Porter
(1990, 1998), this paper moves beyond the traditional debate in which the presence of
related economic activity simultaneously indicated the presence of complementarities as

well as competition for inputs and customers, clouding the interpretation of any particular

2% In the sensitivity analysis, we add as explanatory variable a dummy indicating whether the EA-industry
has positive start-up activity, helping to control for unobserved attributes of these regional industries.

21 Interestingly, we find that in larger regions the convergence effect is smaller and the cluster effects are
larger. We also explore how the convergence and cluster effects vary across different types of clusters
(high-tech, traditional manufacturing, and service-oriented); and find that service-oriented clusters have the
lowest convergence and largest cluster-driven agglomeration benefits in entrepreneurship growth. Note that
the approval of the disclosure is pending for some of the sensitivity analyses, and so the results are not
reported in the current version of the paper.
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empirical finding. Instead, by first accounting for convergence and the potential for
competition within each industry in a region, we are able to isolate the separate and
quantitatively important impact of cluster-related complementarities on entrepreneurship.
In other words, while at a (narrow) industry level firms compete for a given pool of
resources, the cluster environment that surrounds an industry will increase the pool of
inputs and reduce the barriers of entry for new firms. Strong regional clusters enhance
the range and diversity of entrepreneurial start-up opportunities while also reducing the
costs of starting a new business. Cluster-driven entrepreneurship is, moreover, a dynamic
process, as the new business creation at one point in time spurs further start-up activity on
an ongoing basis.

While more research is needed in this area, our findings support the idea that
clusters of related and complementary industries facilitate the growth in the formation of
new businesses, even after controlling for region and industry heterogeneity. There is
large heterogeneity in the types of entrepreneurship that we could further explore. Start-
up firms will differ in size, innovative-orientation, and their growth potential. Similarly,
we could also exploit the attributes of the incumbent firms that operate in clusters. For
example, an interesting topic for future work would be to examine how the effect of
cluster-driven agglomeration forces on entrepreneurship varies for local industries versus
traded industries.

Finally, our analysis has focused exclusively at the earliest stages of
entrepreneurship — new business formation. However, the link between entrepreneurship
and regional growth depends on more than simply new business formation but the
survival and growth of these new enterprises. Our tentative hypothesis is that a strong
cluster environment is likely to additionally enhance the potential for growth for the most
productive firms, while also raising the bar for survival. The impact of the cluster
environment on the growth and survival of new businesses is an open research question

that we are currently investigating.
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Table 1: Region-Industry Descriptive Statistics

Observations No zeros
40,717 11,818
€)) @)
Variables Definition
ESTABLISHMENTSqy, EA-industry establishments 20.68 56.74
(80.89) (142.84)
STARTUP ESTABLISHMENTy; 94  EA-industry 4-year average annual startup .605 2.048
establishments (91-to-94) (2.95) (6.01)
ENTRY ESTABLISHMENTY; o4 EA-industry 4-year average annual entry 1.06
establishments (91-to-94) (6.01)
EMPLOYMENTy, EA-industry employment 700.67 1564.59
(2796.4) (4807.9)
STARTUP EMPLOYMENTY; 94 EA-industry 4-year average annual startup 7.91 21.23
employment (98.53) (180.26)
ENTRY EMPLOYMENT,,.g4 EA-industry 4-year average annual entry 19.48
employment (166.73)
A STARTUP ESTABLISHMENT Growth rate in startup establishments A1 .04
startup estab, _ , 45 (1.91) (91)
° startup estab, o,
A STARTUP EMPLOYMENT Growth rate in startup employment .20 48
(1.13) (1.73)
A ENTRY ESTABLISHMENT Growth rate in entry establishments .06
(1.97)
A ENTRY EMPLOYMENT Growth rate in entry employment 17
(1.36)
INDUSTRY SPECkggab, 90 Industry establishment-based Location 1.72 1.40
. estab, , /estab, 3.17) (2.58)
Quotient. LQ, =—"——
" estab, g /estaby
CLUSTER SPECkgab, 90 Cluster establishment-based LQ 1.10 1.13
(outside the industry) (1.18) (1.25)
LINKED CLUSTERS SPECkgab, 90 Linked clusters’ establishment-based LQ .98 .98
(weighted by cluster overlap) (.44) (.34)
CLUSTER SPEC in Neighboring clusters’ average 1.05 1.03
NEIGHBOREgp, 90 establishment-based LQ (.83) (.81)
INDUSTRY SPECgmpioy, 90 Industry employment-based LQ 2.11 1.49
(6.68) (4.29)
CLUSTER SPECkg 10y, 90 Cluster employment-based LQ 1.21 1.18
(outside the industry) (2.00) (1.91)
LINKED CLUSTERS SPECkgpioy, 90  Linked clusters’ employment-based LQ 1.05 1.01
(weighted by cluster overlap) (.87) (.70)
CLUSTER SPEC in Neighboring clusters’ average 1.15 1.06
NEIGHBOR Egpioy. 90 employment-based LQ (1.19) (1.06)

Note:  The sample excludes EA-industries with zero employment, resulting in 40,717 observations. For this sample,

the entry indicators are scaled by adding 1 employee and 0.01 establishments.

The “No-zeros” subsample excludes EA-industries with zero (mean) startup firms (and the startup indicators

are not scaled).
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Table 2: Average Growth in Start-up Employment by Level of Start-up
Employment and Cluster Specialization (N=40717)

STARTUP EMPLOYMENT 99194
Low High
Low | ASTARTUP ASTARTUP
CLUSTER SPECqg 1oy, 90 EMPLOYMENT= .34 EMPLOYMENT= -.32
(Outside the industry)
N= 14625 N= 5885
High | ASTARTUP ASTARTUP
EMPLOYMENT= .44 EMPLOYMENT=-.07
N= 12293 N=7914

Notes: Low versus High is based on the median of the variable for each industry.
All the averages are significantly different from each other at 1%.

Table 3: EA-Industry Growth in Start-up Employment (N=40717)
STARTUP EMPLOYMENT GROWTH

No zeros
N=11818
1 2 3 4
STARTUP EMPLOY ;.94 -313 -315 =716 -.831
(.012) (.012) (.009) (.011)
INDUSTRY SPECkgmpioy, 90 .026 .029 141 295
(.004) (.004) (.004) (.014)
CLUSTER SPECgmpioy, 90 .034 .039 .020 094
(Outside the industry) (.004) (.004) (.004) (.019)
LINKED CLUSTERS SPECgppioy, 90 054 077 107
(.011) (.010) (.030)
CLUSTER SPEC in NEIGHBOR g0y, 90 -.051 .039 074
(.010) (.010) (.027)
EA FEs No No Yes Yes
INDUSTRY FEs No No Yes Yes
R-Squared .09 .09 287 402

Notes:  Bold, Bold-Italic numbers refer to coefficients significant at 1% and 5% levels. Robust standard
errors clustered by EA-Cluster. The explanatory variables are in logs.
All findings are robust to controlling for employment growth in the EA-industry, and to including a
dummy indicator for the no-zeros subsample.
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Table 4: EA-Industry Growth in Start-up Establishments (N=40717)

STARTUP ESTABLISHMENT GROWTH

No zeros
N=11818
1 2 3 4
STARTUP ESTABLISHMENT ;o4 -.386 -.388 -.875 -.662
(.007) (.007) (.005) (.012)
INDUSTRY SPECkgap, 90 -111 -.114 566 303
(.010) (.011) (.011) (.012)
CLUSTER SPECkgb, 90 .084 .080 .017 070
(Outside the industry) (.009) (.010) (.010) (.018)
LINKED CLUSTERS SPECkggab, 90 207 185 .098
(.028) (.024) (.033)
CLUSTER SPEC in NEIGHBOR Sk, 90 -.064 .063 .012
(.024) (.020) (.026)
EA FEs No No Yes Yes
INDUSTRY FEs No No Yes Yes
R-Squared .183 .185 451 315

Notes:  Bold, Bold-Italic numbers refer to coefficients significant at 1% and 5% levels. Robust standard
errors clustered by EA-Cluster. The explanatory variables are in logs.
All findings are robust to including establishment growth in the EA-industry.

Table 5: EA-Industry Growth in Entry (all new establishments) (N=40717)

ENTRY ENTRY
EMPLOYMENT ESTABLISHMENT
GROWTH GROWTH
1 2 3 4
ENTRY;.94 -.738 -.743 -.880 -.882
(.007) (.007) (.005) (.005)
INDUSTRY SPECy, .188 181 .620 .601
(.005) (.005) (.011) (.011)
CLUSTER SPECy, .050 031 .059 027
(Outside the industry) (.005) (.005) (.009) (.010)
LINKED CLUSTERS SPECy, 102 216
(.011) (.024)
CLUSTER SPEC in 041 .082
NEIGHBORS,, (.010) (.020)
EA FEs Yes Yes Yes Yes
INDUSTRY FEs Yes Yes Yes Yes
R-Squared 344 347 461 463

Notes:  Bold and Bold-Italic numbers refer to coefficients significant at 1% and 5% levels.
Robust standard errors clustered by EA-Cluster. The explanatory variables are in logs; they are
based on employment (establishments) in the entry employment (establishment) growth models.



Appendix A: Traded Clusters Attributes

Table Al: Entry by Traded Clusters (Annual averages over 1990-2005)

Name (41 traded clusters) Type # Narrow Startup New Startup New Startup
Industries Estab subsidiary Employ  subsidiary Estab
Estab (1,000) Employ (%
(1,000) Estab)
total svc.
Aerospace Engines High-tech 2 0 7.6 5.1 0.229 1.820 1.4
Acerospace Vehicles & Defense High-tech 6 0 25.2 10.6 0.861 5.449 2.0
Analytical Instruments High-tech 10 0 164.2 58.3 5.404 7.041 1.7
Biopharmaceuticals High-tech 4 0 44.0 25.0 2.476 2.220 2.1
Chemical Products High-tech 21 0 90.4 95.7 2.070 3.915 1.2
Communications Equipment High-tech 9 0 60.1 40.8 2.781 4.282 1.8
Information Technology High-tech 9 3 410.0 403.5 7.431 14.127 32
Medical Devices High-tech 8 0 89.9 39.2 2.005 3.591 1.8
Distribution Services Service 19 19 2452.6 1741.2 19.584 40.042 2.5
Education & Knowledge Creation  Service 10 9 1042.6 490.6 16.399 16.107 2.9
Business Services Service 21 21 10539.3 4457.4 90.254 116.404 4.4
Entertainment Service 13 9 1597.9 207.9 23.572 12.545 4.0
Financial Services Service 21 21 2241.0 8692.7 35.963 137.821 1.9
Heavy Construction Services Service 19 6 2811.4 521.4 22.056 16.493 2.5
Hospitality & Tourism Service 22 19 1805.8 924.0 29.968 38.447 2.6
Oil & Gas Products & Services Service 12 6 377.1 277.3 4.312 8.032 24
Power Generation & Transmission ~ Service 6 1 16.6 98.5 0.632 3.472 0.6
Transportation & Logistics Service 17 16 1186.2 1544.3 14.752 38.298 23
Agricultural Products Other 20 6 527.6 53.4 3.504 2.055 3.1
Apparel Other 27 0 454.2 46.5 8.727 5.323 39
Automotive Other 15 0 304.8 87.9 8.836 10.849 1.8
Building Fixtures, Equipment & Other 25 2 578.0 68.5 5.855 3.188 2.6
Services
Construction Materials Other 11 0 125.3 335 1.733 1.762 23
Fishing & Fishing Products Other 3 0 57.0 8.2 0.496 0.732 3.0
Footwear Other 5 0 15.6 3.7 0.460 0.380 2.6
Forest Products Other 8 0 114.3 38.7 2.529 3.477 24
Furniture Other 10 0 165.5 28.9 2.394 2.538 2.4
Heavy Machinery Other 10 2 188.0 106.3 2.793 3.439 1.4
Jewelry & Precious Metals Other 7 1 261.5 15.7 1.114 0.477 2.7
Leather & Related Products Other 13 0 114.3 12.7 1.342 0.765 2.7
Lighting & Electrical Equipment Other 10 0 66.7 24.7 2.009 1.939 1.4
Metal Manufacturing Other 44 0 386.6 122.8 10.683 7.935 1.6
Motor Driven Products Other 12 0 46.3 21.8 1.691 2.698 1.7
Plastics Other 9 0 202.3 112.9 4.831 7.834 1.6
Prefabricated Enclosures Other 12 0 55.0 20.8 1.670 1.946 2.0
Processed Food Other 43 2 325.6 237.7 8.956 11.205 1.3
Production Technology Other 23 0 192.5 67.2 4.038 4315 1.6
Publishing & Printing Other 26 3 887.1 330.1 9.717 11.995 2.4
Sporting, Recreational & Other 3 0
Children's Goods 95.9 10.5 1.299 1.345 3.5
Textiles Other 20 0 120.2 27.9 3.773 3.472 25
Tobacco Other 4 0

Notes:  Data sources: Longitudinal Business Database and US Cluster Mapping Project (Porter, 2003).
There are 589 traded four-digit SIC code industries (146 of them are service (svc.) industries).
Service clusters are those with more than 45% of employment in service industries.
High-tech clusters are manufacturing clusters with high R&D and patenting.
The last column reports startup establishments (as % of establishments in the cluster).

“New subsidiary” refers to new establishments of existing firms.
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Table A2: Automotive (narrow) Cluster: Breadth of Industries and Linked
Clusters

Clusters Linked to Automotive (Shared industries )
> g 5
= [
4-digit SIC Industries E¥ | _E | 5| z2 | &3 °
53 =5 = A3 &g 2
S = S &€ S 5 =8 o g
e E | Tg | £& S 4 i
S § p= 2 <
2396 Automotive and apparel trimmings
3052 Rubber and plastics hose and belting X
3061 Mechanical rubber goods X
3210 Flat glass
3230 Products of purchased glass
3322 Malleable iron foundries X
3465 Automotive stampings X
3519 Internal combustion engines, n.e.c. X X
3544 Special dies, tools, jigs and fixtures X X
3549 Metalworking machinery, n.e.c. X X
3592 Carburetors, pistons, rings, valves X
3711 Motor vehicles and car bodies X
3714 Motor vehicle parts and accessories X
3799 Transportation equipment, n.e.c.
3824 Fluid meters and counting devices X
Cluster Overlap (@, ; ) with linked clusters 32 25 .08 .08 .03 .03

Porter's (2003) cluster definitions. The Automotive cluster has more than 30% overlap with the Production Technology
cluster (by average of the percent of narrow industries shared in each direction)

Figure Al: Location of strong regional Automotive clusters (1997) (Top 20% of EAs

by employment Location Quotient)
mmm EAs with high cluster specialization
mmm [ As with high cluster specialization and high share of US cluster employment (top 10% of EAs)
EAs with high share of US cluster employment but without high cluster specialization (these
regional clusters are not defined as strong clusters)

Source: Delgado, Porter and Stern (2007). Calculations based on US Cluster Mapping Project.
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Table A3: Annual Start-up Activities in EAs (average 1990-2005): Top and Worse

Performers

Top-5 EAs by start-up employment
(% traded employment)

Top-5 EAs by start-up establishments
(% traded establishments)

Miami-Fort Lauderdale-Miami Beach, FL
Houston-Baytown-Huntsville, TX

San Antonio, TX

Pensacola-Ferry Pass-Brent, FL

Los Angeles-Long Beach-Riverside, CA

Las Vegas-Paradise-Pahrump, NV
Austin-Round Rock, TX
Sarasota-Bradenton-Venice, FL
Bend-Prineville, OR

Miami-Fort Lauderdale-Miami Beach, FL

Bottom-5 EAs by start-up employment
(% traded employment)

Bottom -5 EAs by start-up establishments
(% traded establishments)

Mason City, 1A
Waterloo-Cedar Falls, IA

Grand Forks, ND-MN
Mason City, 1A

Kearney, NE Aberdeen, SD

Cedar Rapids, IA Waterloo-Cedar Falls, IA

Joplin, MO Scotts Bluff, NE

Source: Authors’ calculations based on LBD data. Start-up activities in the region are based on traded

industries.
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