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The State of American Entrepreneurship: 
New Estimates of the Quantity and Quality of 

Entrepreneurship for 32 US States, 1988–2014†

By Jorge Guzman and Scott Stern*

Assessing the state of American entrepreneurship requires not sim-
ply counting the quantity but also the initial quality of new ventures. 
Combining comprehensive business registries and predictive analyt-
ics, we present estimates of entrepreneurial quantity and quality from 
 1988 to 2014. Rather than a secular pattern of declining business 
dynamism, our  quality-adjusted measures follow a cyclical pattern 
sensitive to economic and capital market conditions. Consistent with 
the role of investment cycles as a driver of  high-growth entrepre-
neurship, our results highlight the role of economic and institutional 
conditions as a driver of both initial entrepreneurial quality and the 
scaling of new ventures over time. (JEL G24, G32, L25, L26, M13)

Over the past two decades, economists have made significant progress in 
advancing the measurement of entrepreneurship. The pioneering stud-

ies of Haltiwanger and  various coauthors (Davis and Haltiwanger 1992; Davis, 
Haltiwanger, and Shuh 1996; Haltiwanger, Jarmin, and Miranda 2013; Decker 
et al. 2014) moved attention away from simply counting the density of small and 
medium-sized firms toward the measurement and growth dynamics of young firms. 
These studies established that a disproportionate share of new job creation is asso-
ciated with new firms, and economic growth is grounded in business dynamics. 
A separate stream of research focusing on selective samples of  high-performance 
entrepreneurial ventures and the institutions that surround them reinforces this per-
spective. For example, Kortum and Lerner (2000) find that venture capital is asso-
ciated with higher levels of innovation, and Samila and Sorenson (2011) find that 
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venture capital has a positive impact on aggregate income, employment, and new 
establishment formation.

Notwithstanding these advances, there is increasing recognition that the relation-
ship between entrepreneurship and economic growth depends not simply on the 
quantity but also on the underlying quality of new firms (Schoar 2010, Hurst and 
Pugsley 2011). While systematic  population-level indices of the quantity of entre-
preneurial activity (such as the Business Dynamics Statistics database, hereafter 
BDS) document a secular decline in the rate of business dynamism and the “aging” 
of US private sector establishments (Hathaway and Litan 2014a, b, c), research-
ers focused on venture capital and  high-growth firms have documented a sizable 
increase after the Great Recession in the funding of  growth-oriented entrepreneurial 
ventures (Gornall and Strebulaev 2015).

To put these differences in perspective, consider the gap between the rate (rel-
ative to GDP) (US Bureau of Economic Analysis 2017) of firm births per year as 
measured by the Business Dynamics Statistics (US Census Bureau 2017) versus the 
rate (relative to GDP) of successful growth firms founded in a particular year (i.e., 
the number of firms founded in a given year that achieved an initital public offering 
(IPO) or significant acquisition within 6 years of initial business registration) for the 
32 states that will form the basis of our analysis. While the BDS shows a slow and 
steady decline of approximately 40 percent (consistent with Hathaway and Litan 
2014a), the realization of growth experienced a much sharper  up-and-down cycle, 
with 1996 representing the most successful  start-up cohort in US history, followed 
by a relatively stable level from 2001 to 2008.1 Moreover, while it has long been 
known that the growth consequences of  start-up activity are concentrated in the 
outcomes of a very small fraction of the most successful firms (Kerr, Nanda, and 
 Rhodes-Kropf 2014), prior attempts to use  population-level data to characterize the 
rate of entrepreneurship have largely abstracted away from initial differences across 
firms in the ambitions of their founders or their inherent growth potential.2

Simply put, alternative definitions of entrepreneurship suggest different assess-
ments of the state of American entrepreneurship.

Not simply a matter of measurement, characterizing entrepreneurial quality by 
cohort allows for the empirical assessment of important economic and policy ques-
tions. For example, in line with the debt deflation theory suggested by Fisher (1933), 
Bernanke and Gertler (1989) suggest that  high-quality entrepreneurship may be 
reduced during a recession due to structural financing constraints (while  low-quality 
entrepreneurship may be unaffected). And this reduction in  growth-oriented entre-
preneurship can exacerbate a downturn through reduced business dynamism. 
Assessing this theoretical claim empirically requires the development of consistent 
measures for the quantity and quality of entrepreneurship at founding and observing 

1 This divergence is reinforced by comparing BDS firm births and economic growth. While the BDS has little 
cyclical variation (and is on a downward decline), GDP growth is far more variable, with a sharp upward trend 
through the 1990s and a downward decline over the subsequent period. In recent work, Decker et al. (2016) show 
that high growth in the high tech sector (as defined by a collection of NAICS codes) has followed a more cyclical 
pattern than the retail and services sectors, which account for the bulk of the decline in new firms. 

2 The challenge is fundamentally a measurement problem: “The problem is that it is very difficult, if not impos-
sible, to know at the time of founding whether or not firms are likely to survive and/or grow” (Hathaway and Litan 
2014b, 2).
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how these measures change at different points in the business cycle. From a pol-
icy perspective, fostering  growth-oriented entrepreneurship may be fundamentally 
different than focusing on policies that enhance the environment for “Main Street” 
businesses (Aulet and Murray 2013, Mills and McCarthy 2016, Chatterji 2018), and 
so being able to differentiate between new ventures in terms of their growth poten-
tial can offer more targeted and effective entrepreneurship policy.

Building on Guzman and Stern (2015, 2017), this paper develops and imple-
ments a novel approach to the measurement of both the quantity and quality of 
entrepreneurship, which we then use to provide substantive insight into both the-
oretical and policy questions.3 Our approach to measuring entrepreneurial qual-
ity combines three interrelated insights. First, a practical requirement for any 
 growth-oriented entrepreneur is business registration (as a corporation, partner-
ship, or limited liability company). These public documents allow us to observe 
a “population” sample of entrepreneurs observed at a similar (and foundational) 
stage of the entrepreneurial process. Second, moving beyond simple counts of busi-
ness registrants (Klapper, Amit, and Guillén 2010), we are able to measure char-
acteristics related to entrepreneurial quality at or close to the time of registration. 
These characteristics include how the firm is organized, how it is named, and how 
the idea behind the business is protected. These  start-up characteristics may reflect 
choices by founders who perceive their venture to have high potential. In other 
words, though observed  start-up characteristics are not causal drivers of  start-up 
performance, they may nonetheless represent  early-stage “digital signatures” of 
 high-quality ventures. Third, we leverage the fact that though rare, we observe 
meaningful growth outcomes for some firms and are therefore able to estimate 
the relationship between these growth outcomes and  start-up characteristics. This 
mapping allows us to form an estimate of entrepreneurial quality for any business 
registrant within our sample, even those in recent cohorts where a growth outcome 
(or lack thereof) has not yet had time to be observed.

We use this predictive analytics approach to propose three new statistics for 
the measurement of growth entrepreneurship: the Entrepreneurship Quality Index 
(EQI), the Regional Entrepreneurship Cohort Potential Index (RECPI), and the 
Regional Entrepreneurial Acceleration Index (REAI). EQI is a measure of average 
quality within any given group of firms and allows for the calculation of the prob-
ability of a growth outcome for a firm within a specified population of  start-ups. 
RECPI multiplies EQI and the number of  start-ups within a given geographical 
region (e.g., from a zip code or town to the entire  32-state coverage of our sample) 

3 In our earlier work, we undertook preliminary explorations of the approach that we develop in this paper. In 
Guzman and Stern (2015), we introduced the overall methodology in an exploratory way by examining regional 
clusters of entrepreneurship, such as Silicon Valley, at a given point in time. We then focused on a single US state 
(Massachusetts) to see if it was feasible to estimate entrepreneurial quality over time on a near  real-time basis 
(Guzman and Stern 2017). This paper builds on these earlier exercises to develop an analysis for 32 “representa-
tive” US states (comprising more than 80 percent of overall GDP) over a  27-year period, introduce new economic 
statistics that allow for the characterization of entrepreneurial quantity and quality over time and place, consider the 
relationship between alternative metrics of entrepreneurship and measures of economic performance, and consider 
the changing nature of regional entrepreneurship for selected metropolitan areas. Passages of text describing our 
methodology and approach, as well as the Data Appendix, draw upon these earlier papers (with significant revision 
for clarity and concision as appropriate).
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and so is a  measure of the  quality-adjusted quantity of entrepreneurship. Whereas 
EQI compares entrepreneurial quality across different groups, RECPI allows the 
direct calculation of the expected number of growth outcomes from a given  start-up 
cohort within a given regional boundary. REAI, on the other hand, measures the 
ratio between the realized number of growth events for a given  start-up cohort and 
the expected number of growth events for that cohort (i.e., RECPI). REAI offers 
a measure of whether the “ecosystem” in which a  start-up grows is conducive to 
growth (or not) and allows variation in ecosystem performance across time and at 
an arbitrary level of geographic granularity.

We calculate these measures on an annual basis for 32 US states for the period 
 1988–2014. We document several key findings. First, in contrast to the secular and 
steady decline observed in the BDS, RECPI/GDP has followed a cyclical pattern 
that seems sensitive to the capital market environment and overall economic condi-
tions. Second, while the peak value of RECPI/GDP is recorded in 2000, the overall 
level during the first decade of the 2000s is actually higher than the level observed 
between 1990 and 1995, with an additional upward swing beginning in 2010.4 Even 
after controlling for change in the overall size of the economy, the third-highest 
level of entrepreneurial growth potential is registered in 2014. Finally, there is strik-
ing variation over time in the likelihood of  start-up firms at a given quality level to 
realize their potential (REAI): REAI declined sharply in the late 1990s and did not 
recover through 2008. While we focus on estimates of entrepreneurial quality based 
on a predictive model of equity growth outcomes (the achievement of an IPO or 
significant acquisition within 6 years of founding), these broad patterns of results 
also hold if one focuses on alternative definitions of equity growth (e.g., focusing 
only on IPOs) or alternative growth measures such as the realization of more than 
500 employees within the first 6 years after founding.5

We use these measures to assess the  long-standing theoretical debate regarding 
the relationship between entrepreneurship and the business cycle. While a long line 
of theoretical work emphasizes the potential for economic growth to stimulate and 
nurture the founding of new  growth-oriented ventures, either by improving the bal-
ance sheet of investors (Fisher 1933, Bernanke and Gertler 1989, Carlstrom and 
Fuerst 1997, Rampini 2004) or the investor expectations of  follow-on capital avail-
ability (Caballero, Farhi, and Hammour 2006; Nanda and  Rhodes-Kropf 2014), oth-
ers have emphasized the potential for a “cleansing effect” of recessions, whereby 
downturns instead enhance the potential of the firms that are founded ventures at 
that time (Schumpeter 1939, Cabarello and Hammour 1994). A key insight of this 
theoretical literature is that economic conditions shape the aggregate entrepreneurial 
potential of  start-up cohorts and the overall incidence of high-growth  start-ups but 
not the total number of  start-ups founded for each cohort. We use our measurement 

4 We use a “nowcasting” index for the most recent cohorts which only uses  start-up characteristics available 
within the business registration data and compare that index to an “enriched” index that captures events that might 
occur early within the life of a  start-up, such as the initial receipt of intellectual property.

5 Our employment growth results are based on a private sector data source, Infogroup USA. While we highlight 
the robustness of our core findings to this potentially noisy measure of employment growth in this paper, we do 
not undertake a systematic assessment of  employment-oriented growth outcomes, which could be conducted more 
naturally with a comprehensive administrative dataset such as the LBD. 
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of both quantity and initial entrepreneurial quality to test this hypothesis directly. 
Using a structural vector autoregression (SVAR) model, we provide the first evi-
dence that  quality-adjusted quantity (RECPI) is procyclical, while quantity is unre-
lated to economic conditions.

Our approach of course comes with important limitations and caveats. First, and 
most importantly, we strongly caution against a causal interpretation of the regres-
sors we employ for our predictive analytics—while factors such as eponymy and the 
form of business registration are a “digital signature” that allows us to differentiate 
among firms in the aggregate, these are not meant to be interpreted as causal fac-
tors that lead to growth per se (i.e., simply registering their firm in Delaware is not 
going to directly enhance an individual firm’s underlying growth potential). And 
while we are encouraged by the robustness of our core approach across multiple 
states and time periods, we can easily imagine (and are actively working on iden-
tifying) additional  firm-level measures that might allow for even more differentia-
tion in quality or account directly for changing patterns over time and space in the 
drivers of growth. Finally, though we show some robustness of our findings to the 
use of  employment-oriented growth outcomes, a more complete assessment of the 
differences between equity growth outcomes and  employment-oriented outcomes 
remains outstanding.

Keeping in mind these caveats, our findings nonetheless do offer a new perspec-
tive on the state of American entrepreneurship. Most importantly, our results high-
light that the recent shift in attention toward young firms (pioneered by Haltiwanger 
and  coauthors) is enriched by accounting directly for initial heterogeneity among 
new firms. Even within the same industry, there is significant heterogeneity among 
new firms in their ambition and inherent potential for growth.6 Policies that implic-
itly treat all firms as equally likely candidates for growth are likely to expect too 
much from the vast majority of firms with relatively low growth potential. Second, 
the striking decline in REAI after the boom period of the 1990s is the first indepen-
dent evidence for an  often-cited concern of practitioners: even as the number of new 
ideas and potential for innovation are increasing, there seems to be a reduction in the 
ability of companies to scale in a meaningful and systematic way.

Our approach holds promise for multiple areas of economics research and policy. 
For example, a predictive analytics approach to entrepreneurial quality allows for 
the assessment of the relative importance of passive versus proactive growth firms in 
the overall process of firm growth and the specific role of venture capital in enabling 
the growth of firms with high initial quality (Catalini, Guzman, and Stern 2019). In 
addition, it is possible to use our approach to examine the role of gender differences 
among founders in the process of attracting venture capital and overall firm growth 
(Guzman and Kacperczyk 2019). And it is possible to use this approach (which uses 
firm choices regardless of location) to assess the role of location (e.g., whether the 
firm is in Silicon Valley) in facilitating firm growth (Guzman and Stern 2015), shap-
ing the incentives to migrate between locations (Guzman 2019), and in assessing the 
role of local institutions (such as universities) and policies (such as tax) in shaping 

6 In recent work, Decker et al. (2016) use business dynamics estimates to also document important variation in 
rates of dynamisms across industries.
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the process of firm founding and growth (Tartari and Stern 2018; Fazio, Guzman, and 
Stern 2019).

The rest of this paper is organized as follows. Section I provides an overview of 
entrepreneurial quality in economics and briefly outlines our theoretical intuition. 
Section II explains our methodology and Section III our dataset and the estimation 
of entrepreneurial quality for our sample. Sections IV and V describe the variation 
in our key statistics across geography and time. Section VI compares the relation-
ship of our index to an alternative measure of economic growth using employment 
outcomes. In Section VII, we test empirically the relationship between GDP growth 
and changes in national entrepreneurship. Section VIII concludes.

I. Entrepreneurial Quality: Do Initial Differences Matter?

Economists have long sought to understand the role of  firm-specific characteris-
tics in industry dynamics. Gibrat (1931) provides the foundational benchmark in this 
area: Gibrat’s Law proposes that the growth rate of firms (and the variance in that 
growth rate) is independent of firm size (Sutton 1997). Despite broad patterns con-
sistent with Gibrat’s Law, a large literature beginning with Mansfield (1962) instead 
emphasizes deviations from proportional growth. This literature first emphasized 
that smaller firms have both higher growth rates and lower probabilities of survival 
(Mansfield 1962, Acs and Audretsch 1988, among others), but over time additional 
research suggested that younger firms also had high average growth rates and lower 
survival probabilities (Evans 1987; Dunne, Roberts, and Samuelson 1988).7

Davis and Haltiwanger (1992) clarified this empirical debate by considering 
simultaneously the role of size and age and developing systematic evidence that vir-
tually all net job creation was in fact due to younger firms (which are small because 
they are young) rather than smaller firms per se (Davis, Haltiwanger, and Shuh 
1996; Haltiwanger, Jarmin, and Miranda 2013; Akcigit and Kerr 2018). Building 
on these studies, Decker et al. (2014) extend this approach to document an overall 
decline in the rate of new firms that have at least one employee, which the authors 
characterize as a reduction in the rate of business dynamism, with meaningful vari-
ation across industry groups (Decker et al. 2016).

However, the role of young firms in shaping job creation is not homogenous 
across the population of new firms. The vast majority of new firms are associated 
with no net new job growth, and consequently, a very small fraction of new firms is 
disproportionately responsible for net new job growth. Using surveys and aggregate 
economic comparisons, some have suggested that these differences in growth are 
accounted for by underlying differences in the firms themselves (Hurst and Pugsley 
2011, Kaplan and Lerner 2010, Schoar 2010). Yet, beyond broad industry effects, 
systematic studies of firm dynamics have yet to incorporate such ex ante differences 
in a way that ties closely to the highly skewed ex post distribution of firm growth.

7 Not simply a set of empirical regularities, these findings formed the foundations for important theoretical 
work, notably Jovanovic (1982) and subsequent formal models of firm and industry dynamics (Ericson and Pakes 
1995, Klepper 1996, Hopenhayn 1992, Klette and Kortum 2004).
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Accounting for this skew requires confronting a measurement quandary: at the 
time that a company is founded, one cannot observe whether that particular firm will 
experience a skewed growth outcome (or not). This challenge is fundamental, since 
entrepreneurship involves a high level of uncertainty and luck. And some outsized 
successes certainly result from unlikely origins. Ben and Jerry’s, for example, was 
founded with the intention to be a  one-store,  homemade  ice cream shop. With that 
said, many of the most successful firms in the economy were founded with a strong 
growth orientation. For example, Jeff Bezos founded Amazon with the intention of 
first creating the “world’s biggest bookstore” in order to take advantage of the nascent 
potential of electronic commerce (Stone 2013). To the extent that the new firms that 
ultimately contribute to the skew are drawn disproportionately from firms with sig-
nificant growth ambitions and underlying potential at their time of founding, iden-
tifying these  growth-oriented firms can contribute significantly to the understanding 
of firm dynamics.

Our key insight is that while it may be difficult to identify the potential for 
growth based on traditional economic metrics (e.g., profits during the first of 
operations), the founders themselves likely have information about the underly-
ing quality of their idea and their personal level of ambition and make choices 
at the time of founding consistent with their objectives and potential for growth. 
Specifically, we can take advantage of the fact that entrepreneurs who assess the 
underlying quality of their venture to be higher are more likely to make choices 
that result in “digital signatures” associated with  growth-oriented  start-up firms, 
and that firms with these resulting digital signatures are themselves more likely 
to grow. In other words, we can map the realized performance of  start-ups to 
the  early-stage choices of founders. By mapping the relationship between growth 
outcomes and these founder choices, we are able to form an estimate of entrepre-
neurial quality at founding.

To understand this intuition, consider a simple model where all new firms have 
an underlying quality level q (e.g., the underlying value of the idea and the ambition 
and capabilities of the founder) that is observable to the entrepreneur but not to the 
econometrician. Firms with a higher level of q are more likely to realize a meaning-
ful growth outcome g. In addition, all entrepreneurs face a set of binary corporate 
governance and strategy choices   H =  { h 1  , …,  h N  }   , such as how to register the firm 
(e.g., as an LLC or corporation), what to name the firm (e.g., whether to name the 
firm after the founders), and how to protect their underlying idea (e.g., whether to 
apply for either a patent or trademark). Suppose further that while the cost of each 
corporate governance choice h is independent of the quality of the idea (but might 
vary idiosyncratically across entrepreneurs), the expected value of each of these 
choices is increasing in underlying quality (i.e., firms with a higher q receive a 
higher marginal return to each element of H). Finally, suppose that while the econo-
metrician cannot observe underlying quality, she is able to observe both the corpo-
rate governance choice bundle   H   ∗   as well as growth outcomes g. The proof in online 
Appendix B demonstrates that the mapping between g and H allows us to form a 
consistent estimate of the underlying probability of growth conditional on initial 
conditions H (we refer to this estimate as  θ ) and, importantly that, this mapping is a 
monotonically increasing function of q.
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II. The Measurement of Entrepreneurial Quality and Performance

Building on this discussion, we now develop our empirical strategy. Our goal is to 
estimate the relationship between a growth outcome,  g , and early firm choices,   H   ∗  , 
in order to form an estimate of the probability of growth   θ ˆ    for all firms at their time 
of founding. This approach (and our discussion) builds directly on Guzman and 
Stern (2015, 2017).

We combine three interrelated insights. First, as the challenges to reach a growth 
outcome as a sole proprietorship are formidable, a practical requirement for any entre-
preneur to achieve growth is business registration (as a corporation, partnership, or 
limited liability company). This practical requirement creates a public record of all 
registered companies, allowing us to form a population sample of entrepreneurs “at 
risk” of growth at a similar (and foundational) stage. Second, we are able to poten-
tially distinguish among business registrants through the measurement of characteris-
tics related to entrepreneurial quality observable at or close to the time of registration. 
For example, we can measure  start-up characteristics, such as whether the founders 
name the firm after themselves (eponymy), whether the firm is organized in order 
to facilitate equity financing (e.g., registering as a corporation or in Delaware), or 
whether the firm seeks intellectual property protection (e.g., a patent or trademark). 
Third, we leverage the fact that though rare, we observe meaningful growth outcomes 
for some firms (e.g., those that achieve an IPO or  high-value acquisition within six 
years of founding). Combining these insights, we measure entrepreneurial quality by 
estimating the relationship between observed growth outcomes and  start-up charac-
teristics using the population of  at-risk firms. For firm i born in region r at time t with 
 start-up characteristics   H i,r,t    and growth outcome   g i,r,t+s   , we estimate

(1)   θ i,r,t   = Pr ( g i,r,t+s   |  H i,r,t  )  = f (α + β H i,r,t  )  .

This model allows us to predict quality as the probability of achieving a growth 
outcome given  start-up characteristics at founding and so estimate entrepreneur-
ial quality as    θ ˆ   i,r,t   . As long as the process by which  start-up characteristics map 
to growth remains stable over time (an assumption which is itself testable), this 
mapping allows us to form an estimate of entrepreneurial quality for any business 
registrant within our sample (even those in recent cohorts where a growth outcome 
or not has not yet had time to be observed).

We use these estimates to propose three new entrepreneurship statistics capturing 
the level of entrepreneurial quality for a given population of  start-ups, the potential 
for growth entrepreneurship within a given region and  start-up cohort, and the per-
formance over time of a regional entrepreneurial ecosystem in realizing the potential 
performance of firms founded within a given location and time period.

A. The Entrepreneurial Quality Index

To create an index of entrepreneurial quality for any group of firms (e.g., all the 
firms within a particular cohort or a group of firms satisfying a particular condition), 
we simply take the average quality within that group. Specifically, in our regional 
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analysis, we define the Entrepreneurial Quality Index as an aggregate of quality at 
the  region-year level by simply estimating the average of   θ i,r,t    over that region:

(2)    EQI r,t   =   1 ___  N r,t  
     ∑ 
i∈ { I r,t  } 

  
 

    θ i,r,t   ,

where    {   I r,t   }     represents the set of all firms in region r and year t, and   N r,t    represents 
the number of firms in that  region-year. To ensure that our estimate of entrepreneur-
ial quality for region r reflects the quality of  start-ups in that location rather than 
simply assuming that  start-ups from a given location are associated with a given 
level of quality, we exclude any  location-specific measures   H r,t    from the vector of 
observable  start-up characteristics.

B. The Regional Entrepreneurship Cohort Potential Index

From the perspective of a given region, the overall inherent potential for a cohort 
of  start-ups combines both the quality of entrepreneurship in a region and the num-
ber of firms in such region (a measure of quantity). To do so, we define RECPI as 
simply  EQ I r,t    multiplied by the number of firms in that  region-year:

(3)  RECP I r,t   = EQ I r,t   ×  N r,t   .

Since our index multiplies the average probability of a firm in a  region-year to 
achieve growth (quality) by the number of firms, it is, by definition, the expected 
number of growth events from a  region-year given the  start-up characteristics of a 
cohort at birth. This measure of course abstracts away from the ability of a region to 
realize the performance of  start-ups founded within a given cohort (i.e., its ecosys-
tem performance) and instead can be interpreted as a measure of the “potential” of 
a region given the “intrinsic” quality of firms at birth, which can then be affected by 
the impact of the entrepreneurial ecosystem or shocks to the economy and the cohort 
between the time of founding and a growth outcome.

C. The Regional Entrepreneurial Acceleration Index (REAI)

While RECPI estimates the expected number of growth events for a given group 
of firms, over time we can observe the realized number of growth events from that 
cohort. This difference can be interpreted as the relative ability of firms within a 
given region to grow, conditional on their initial entrepreneurial quality. Variation 
in ecosystem performance could result from differences across regional ecosystems 
in their ability to nurture the growth of  start-up firms or changes over time due to 
financing cycles or economic conditions. We define REAI as the ratio of realized 
growth events to expected growth events:

(4)   REAI r,t   =   
∑  g i,r,t   ________ 

 RECPI r,t  
   .
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A value of REAI above 1 indicates a  region-cohort that realizes a greater than 
expected number of growth events (and a value below 1 indicates  underperformance 
relative to expectations). REAI is a measure of a regional performance premium: the 
rate at which the regional business ecosystem supports high-potential firms in the pro-
cess of becoming growth firms.

Together, EQI, RECPI, and REAI offer researchers and regional stakeholders 
the ability to undertake detailed evaluations (over time and at different levels of 
geographic and sectorial granularity) of entrepreneurial quality and ecosystem 
performance.

III. Data and Entrepreneurial Quality Estimation

Our analysis leverages business registration records, a potentially rich and sys-
tematic dataset for the study of entrepreneurship. Business registration records 
are public records created when an individual registers a new business as a corpo-
ration, LLC, or partnership. Online Appendix C of the Supplementary Materials 
in this paper provides a rich and detailed overview of this dataset, as do the Data 
Appendixes in our prior work (Guzman and Stern 2015, 2017).

We focus on 32 US states from  1988 to 2014 (see online Appendix C for a list), 
collected through the Start-up Cartography Project (Andrews et al. 2019). While it 
is possible to found a new business without business registration (e.g., a sole pro-
prietorship), the benefits of registration are substantial and include limited liability, 
various tax benefits, the ability to issue and trade ownership shares, and credibility 
with potential customers. Furthermore, all corporations, partnerships, and limited 
liability companies must register with a secretary of state (or equivalent) in order 
to take advantage of these benefits: the act of registering the firm triggers the legal 
creation of the company. As such, these records reflect the population of businesses 
that take a form that is a practical prerequisite for growth.

Concretely, our analysis draws on the complete population of firms satisfying 
one of the following conditions: (i) a  for-profit firm in the local jurisdiction or (ii) a 
 for-profit firm whose jurisdiction is in Delaware but whose principal office address 
is in the local state. In other words, our analysis excludes  nonprofit organizations 
as well as companies whose primary location is not in the state. The resulting data-
set contains 27,976,477 observations.8 For each observation, we construct variables 
related to (i) a growth outcome for each  start-up, (ii)  start-up characteristics based 
on business registration observables, and (iii)  start-up characteristics based on exter-
nal observables that can be linked directly to the  start-up. We briefly review each one 
in turn and provide a more detailed summary in our online Data Appendix.

8 The number of firms founded in our sample is substantially higher than in the US Census Business Dynamics 
Statistics (US Census Bureau 2017), done from tax records. For example, for Massachusetts in the period 
 2003–2012, the BDS records an average of 8,615 new firms per year, and we record an average of 24,090 firm 
registrations. We have yet to explore the reasons for this difference. However, we expect that it may be explained in 
part by the: (i) partnerships and LLCs that do not have income during the year do not file a tax return and are thus 
not included in the BDS and (ii) firms that have zero employees and thus are not included in the BDS.
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Growth.—The growth outcome utilized in this paper, Growth, is a dummy vari-
able equal to 1 if the  start-up achieves an IPO or is acquired at a meaningful positive 
valuation within six years of registration9 as reported in the Thomson Reuters SDC 
database (Refinitiv 2018).10 During the period of 1998 to 2008, we identify 13,406 
firms that achieved growth, of which 1,378 are IPOs and 12,028 are acquisitions, 
representing 0.07 percent of the total sample of firms in that period.

 Start-Up Characteristics.—At the center of our analysis is an empirical approach 
to map growth outcomes to observable characteristics of  start-ups at or near the time 
of business registration. We develop two types of measures of  start-up characteris-
tics: (i) measures based on business registration data observable in the registration 
record itself and (ii) measures based on external indicators of  start-up quality that 
are observable at or near the time of business registration.

A. Measures Based on Business Registration Observables

We construct 12 measures based on information observable in business regis-
tration records. We first create two binary measures that relate to how the firm is 
registered: Corporation, whether the firm is a corporation rather than an LLC or part-
nership; and Delaware Jurisdiction, whether the firm is registered in Delaware. We 
then create two additional measures based directly on the name of the firm. Eponymy 
is equal to 1 if the first, middle, or last name of the top managers is part of the name 
of the firm itself.11 We hypothesize that eponymous firms are likely to be associated 
with lower entrepreneurial quality. Our second measure relates to the structure of 
the firm name. Based on our review of naming patterns of  growth-oriented  start-ups 
versus the full business registration database, a striking feature of  growth-oriented 
firms is that the vast majority of their names are at most two words (plus perhaps one 
additional word to capture organizational form, e.g., “Inc.”). We define Short Name 
to be equal to 1 if the entire firm name has three or fewer words and 0 otherwise.12

We then create several measures based on how the firm name reflects the indus-
try or sector within which the firm is operating, taking advantage of the industry 
categorization of the US Cluster Mapping Project (US CMP) (Delgado, Porter, and 
Stern 2016) and a text analysis approach. We develop eight such measures. The first 
three are associated with broad industry sectors and include whether a firm can be 

9 In our Data Appendix (Section III, Table A4), we investigate changes in this measure both in the threshold of 
growth (e.g., only IPOs) as well as the time to grow; all results are robust to these variations.

10 Although the coverage of IPOs is likely to be nearly comprehensive, the SDC dataset excludes some acquisi-
tions. SDC captures their list of acquisitions by using over 200 news sources, SEC filings, trade publications, wires, 
and proprietary sources of investment banks, law firms, and other advisors (Churchwell 2016). Barnes, Harp, and 
Oler (2014) compare the quality of the SDC data to acquisitions by public firms and find a 95 percent accuracy; 
Netter, Stegemoller, and Wintoki (2011) perform a similar review. While we know these data not to be perfect, we 
believe the data to have relatively good coverage of “high-value” acquisitions. Further, none of the cited studies 
found significant false positives, suggesting that the only effect of the acquisitions we do not track will be simply 
an attenuation of our estimated coefficients.

11 Belenzon et al. (2014) and Belenzon, Chatterji, and Daley (2017) perform a more detailed analysis of the 
interaction between eponymy and firm performance, highlighting name as a signal chosen by entrepreneurs given 
differences in growth intention.

12 Companies such as Akamai or Biogen have sharp and distinctive names, whereas more traditional businesses 
often have long and descriptive names (e.g., “New England Commercial Realty Advisors, Inc.”). 
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identified as local (Local), or traded (Traded), or traded within resource-intensive 
industries (Traded Resource-Intensive). The other five industry groups are narrowly 
defined high-technology industries that could be expected to have high growth, 
including whether the firm is associated with biotechnology (Biotech Sector), 
 e-commerce ( E-Commerce), other information technology (IT Sector), medical 
devices (Medical Dev. Sector), or semiconductors (Semiconductor Sector).

B. Measures Based on External Observables

We construct two measures related to  start-up quality based on intellectual 
property data sources from the US Patent and Trademark Office (US Patent and 
Trademark Office 2018a, b, c). Patent is equal to 1 if a firm holds a patent applica-
tion within the first year and 0 otherwise. We include patents that are filed by the 
firm within the first year of registration and patents that are assigned to the firm 
within the first year from another entity (e.g., an inventor or another firm). Our sec-
ond measure, Trademark, is equal to 1 if a firm applies for a trademark within the 
first year of registration.

Table 1 reports summary statistics and sources. A detailed description of all vari-
ables as well as the specific set of US CMP clusters used to develop each industry 
classification are provided in the Data Appendix (online Appendix C).

C. Estimation of Entrepreneurial Quality

To estimate entrepreneurial quality for each firm in our sample, we regress 
Growth on the set of  start-up characteristics observable either directly through the 
business registration records or otherwise related to the  early-stage activities of 
 growth-oriented  start-ups. In Table 2, we present a series of univariate logit regres-
sions of Growth on each of these  start-up characteristics. All regressions are run on 
the full sample of firms from 1988 to 2008. To facilitate the interpretation of our 
results, we present the results in terms of the  odds-ratio coefficient and include the 
McFadden pseudo R2.13

Our univariate results are suggestive and highlight a relationship between early 
firm choices and later growth. Measures based on the firm name are statistically 
significant and inform variation in entrepreneurial outcomes. Having a short name is 
associated with a 3-times increase in the probability of growth and having an epony-
mous name with a 70 percent lower probability of growth. Corporate form measures 
are also significant. Corporations are 3.4 times more likely to grow, and firms reg-
istered under Delaware jurisdiction (instead of the local jurisdiction) are 24 times 
more likely to grow. These magnitudes are economically important and have strong 

13 In all our models, we use logit rather than OLS for our predictions for two reasons. First, a large literature 
documents firm sizes and growth rates as much closer to  log-normal than linear (Gibrat 1931, Axtell 2001). While 
we stress that entrepreneurial quality is a distinct measure from firm size, it is still more natural to use a functional 
form that best fits the known regularities of the data. While OLS is known to perform better than logit in estimating 
marginal effects (see Angrist and Pischke 2008), logit performs better than OLS in prediction of binary outcomes 
(Pohlman and Leitner 2003), consistent with the objective of this paper. We have also undertaken exploratory work 
investigating a  nonparametric approach involving unstructured interactions of  start-up characteristics. The results 
from such an exercise result in an even more skewed distribution of estimated entrepreneurial quality.
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Table 1—Summary Statistics (1988–2014)

Source Mean SD

Outcome variable
Growth SDC platinum 0.00071 0.02672 

Corporate form observables
 Corporation Bus. reg. records 0.48 0.50 
 Delaware Bus. reg. records 0.024 0.153 

Name-based observables
 Short name Bus. reg. records 0.46 0.50
 Eponymous Bus. reg. records 0.0707 0.2563

Intellectual property observables
 Patent USPTO 0.0019 0.0439
 Trademark USPTO 0.0014 0.0374

Industry measures (US CMP clusters)(2)
 Local Estimated from name 0.19 0.39 
 Traded (3) Estimated from name 0.537 0.499
 Traded resource int. Estimated from name 0.133 0.339 

Industry measures (US CMP high-tech clusters)
 Biotech sector Estimated from name 0.002 0.044 
 E-commerce sector Estimated from name 0.050 0.218 
 IT sector Estimated from name 0.022 0.147 
 Medical dev. sector Estimated from name 0.028 0.166 
 Semiconductor sector Estimated from name 0.000 0.020 

Observations 27,976,477

Notes: (2) US CMP cluster dummies are estimated by using a sample of 10 million firms and comparing the inci-
dence of each word in the name within and outside a cluster, then selecting the words that have the highest relative 
incidence as informative of a cluster. Firms get a value of 1 if they have any of those words in their name. The pro-
cedure is explained in detail in the online Appendix. (3) Note that there are also firms that we cannot associate with 
local nor traded industries.

Table 2—Logit Univariate Regressions

Variable Coefficient Pseudo R2 Variable Coefficient Pseudo R2

Firm name measures: Industry measures (US CMP clusters):
 Short name 3.147 0.018  Local 0.206 0.011

(0.0612) (0.00848)
 Eponymous 0.299 0.003  Traded resource-intensive 0.952 0.000

(0.0168)   (0.0243)
 Traded 1.208 0.001

Corporate form measures: (0.0212)
 Corporation 3.375 0.016  Biotech sector 12.22 0.004

(0.0769)   (0.723)
 Delaware 23.72 0.088  E-commerce sector 1.823 0.002

(0.427)   (0.542)
 IT sector 5.463 0.012

IP measures: (0.146)
 Patent 88.50 0.059  Medical dev. sector 3.486 0.006

(2.225) (0.102)
 Trademark 45.30 0.016  Semiconductor sector 12.61 0.001

(1.882) (1.517)

Observations 18,764,856

Notes: Logit univariate regressions of Growth (IPO or acquisition within six years) with each of the observables we 
develop for our dataset. Incidence rate ratios reported; standard errors are in parentheses.
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explanatory power—the  pseudo R2 of a Delaware binary measure alone is 0.09—
indicating a potential role of firm governance choices as a screening mechanism for 
entrepreneurial quality. Intellectual property measures have the highest magnitude 
of all groups. Firms with a patent close to their birth are 90 times more likely to 
grow, while firms with a trademark are 45 times more likely to grow. Finally, the 
set of US CMP cluster dummies, implied from firm name, is also informative. For 
example, firms whose names are associated with local industries (e.g., “Taqueria”) 
are 79 percent less likely to grow, while firms whose names are associated with the 
biotechnology sector are 12 times more likely to grow. These coefficients highlight 
the value of early firm name choices as indicators of firm intentions and signals of a 
firm’s relationship to an industry.

It is of course important to caution against causal interpretations of these find-
ings (and our subsequent regression estimates). If a firm with low growth potential 
changes its legal jurisdiction to Delaware, this decision need not have any impact 
on its overall growth prospects.14 Instead, Delaware registration is an informative 
signal—based on the fact that external investors often prefer to invest in firms gov-
erned under Delaware law—of the ambition and potential of the  start-up at the time 
of business registration.

In Table 3, we turn to a more systematic regression analysis to evaluate these 
relationships. We begin in the first three specifications by evaluating the joint role 
of related groups of measures.15 Column 1 investigates the core corporate gover-
nance measures, indicating that corporations are 4.1 times more likely to grow and 
Delaware firms are 23 times more likely to grow.16 Interestingly, both of these coef-
ficients are actually larger than the odds ratio in the univariate analysis. In column 
2, we focus on two measures based on firm name: firms with a short name are 3 
times more likely to grow, while eponymous firms are 78 percent less likely to grow. 
Finally, in column 3, we study the relationship of intellectual property measures 
to Growth. Firms with a patent are 50 times more likely to grow, and firms with a 
trademark are 8 times more likely to grow.

We then estimate our core predictive analytics models in column 4 and column 
5 by combining these measures alongside industry and sector controls (i.e., firm 
names indicating whether the firm is in a local versus traded industry or associated 
with a particular industry cluster). Our first specification ( column 4) uses only busi-
ness registration observables. The coefficients associated with each of the business 

14 While it is possible the firms might “game” the algorithm by selecting into signals of  high quality (e.g., 
changing their name), this incentive is bounded by the objectives of the founders. For example, it is unlikely that 
a founder with no intention to grow would incur the yearly expense (around $1,000) to maintain a registration in 
Delaware. As well, firms using names to signal that they serve a local customer base (e.g., “Taqueria”) are unlikely 
to change their names in ways that affect their ability to attract customers. Finally, if firms with low underlying 
quality did choose to invest in signals associated with  high quality, that would undermine the empirical correlation 
between  start-up characteristics and firm growth. 

15 We include state fixed effects to account for idiosyncratic differences across states in corporate registration 
policies and fees. Though differences across states likely influence the “marginal” registrant (and would be of 
independent interest), it is unlikely that firms with significant growth potential would be deterred from registration 
depending on the state in which they were founded. All of our core findings are robust to the inclusion or exclusion 
of state fixed effects.

16 Since these are  incidence-rate ratios ( odds-ratios), the joint coefficients can be interpreted multiplicatively: 
Delaware corporations are 94.3 times more likely to grow ( 23 × 4.1  = 94.3). 
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registration measures are roughly equivalent, though the impact of each individual 
predictor is slightly attenuated.17 We then extend this specification in column 5 to 
include observables associated with  early-stage milestones related to intellectual 
property. While the coefficients on the business registration observables remain sim-
ilar (though once again slightly reduced in magnitude), each of the intellectual prop-
erty observables is highly predictive. Given the high correlation between Delaware 
and Patent, we separately allow for the estimation of firms with a patent and no 

17 Online Appendix Table A1 presents the complete set of coefficient estimates for the US CMP clusters and US 
CMP  high-tech cluster dummy variables. Briefly, as indicated in ( A1-2), firms whose names indicate inclusion in a 
local industry (such as “restaurant,” “realtor,” etc.) are 58 percent less likely to grow, firms associated with traded 
industries are not significant, and firms specifically associated with resource-intensive traded industries are 12 per-
cent less likely to grow. Names associated with specific  high-technology sectors are also associated with growth: 
firms related to biotechnology are 3 times more likely to grow, firms associated with  e-commerce are 44 percent 
more likely to grow, firms associated with IT 2.5 times, firms associated with medical devices 54 percent, and firms 
associated with semiconductors 2.3 times more likely to grow.

Table 3—Growth Predictive Model—Logit Regression on IPO or Acquisition within Six Years

Preliminary models
Nowcasting 

(up to real time)
Full 

(2-year lag)
(1) (2) (3) (4) (5)

Corporate governance measures
 Corporation 4.070 3.276 3.061

(0.0975) (0.0788) (0.0739)
 Delaware 23.28 18.22

(0.451) (0.363)

Name-based measures
 Short name 2.815 2.487 2.263

(0.0546) (0.0491) (0.0456)
 Eponymous 0.218 0.296 0.315

(0.0123) (0.0168) (0.0179)

Intellectual property measures
 Patent 49.57

(1.572)
 Trademark 7.772 3.964

(0.484) (0.219)

Patent–Delaware interaction
 Patent only 22.77

(1.059)
 Delaware only 15.18

(0.335)
 Patent and Delaware 84.08

(3.320)

US CMP clusters Yes Yes
US CMP high-tech clusters Yes Yes

Observations 18,764,856 18,764,856 18,764,856 18,764,856 18,764,856
R2 0.135 0.057 0.094 0.163 0.187

Notes: We estimate a logit model with Growth as the dependent variable. Growth is a binary indicator equal to 1 
if a firm achieves IPO or acquisition within six years and 0 otherwise. Growth is only defined for firms born in the 
cohorts of 1988 to 2008. This model forms the basis of our entrepreneurial quality estimates, which are the pre-
dicted values of the model. Incidence ratios reported; robust standard errors are in parentheses. 
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Delaware jurisdiction, firms with a Delaware jurisdiction and no patent, and firms 
with both.18 In particular, receiving a patent is associated with a 23-times increase in 
the likelihood of growth for  non-Delaware firms, and the combination of Delaware 
registration and patenting is associated with an 84-times increase in the likelihood 
of growth (simply registering in Delaware without a patent is associated with only 
a 15-times increase in the growth probability). Finally, firms applying successfully 
for a trademark in their first year after business registration are associated with a 
 four-times increase in the probability of growth.19

These two models offer a trade-off. On the one hand, the “richer” specification of 
the model in Table 3, column 5 involves an inherent lag in observability since we are 
only able to observe  early-stage milestones in the period after business registration 
(in the case of the patent applications, there is an additional  18-month lag due to the 
disclosure policies of the USPTO). On the other hand, while including a more infor-
mative set of regressors, the model in Table 3, column 5 is not as timely as the model 
in Table 3, column 4. Indeed, specifications that rely exclusively on information 
encoded within the business registration record can be calculated on a near  real-time 
basis and so provide the timeliest index for policymakers and other analysts. We will 
calculate indices based on both specifications; while our main historical analyses 
will be based off the results from the model in column 5, the model in column 4 can 
be used to provide our best estimate of changes in the last few years. We use the term 

18 An alternative way of presenting this would be to include only an interaction for both. The Delaware and 
Patent coefficients would stay the same, but the joint effect would require estimating  Delaware × Patent  interac-
tion rather than providing the effect directly.

19 It is worth noting that the coefficients in these two regressions are very similar to what we found in previous 
research in California (Guzman and Stern 2015) and Massachusetts (Guzman and Stern 2017). Figure A2 reports 
the coefficients associated with each  state-level fixed effect; overall, our results are not sensitive to the inclusion 
or exclusion of these fixed effects in our regression analysis, predictive analytic estimates, or mapping of entrepre-
neurial quality.

Figure 1. Firm Births in Business Dynamics Statistics versus Number of Growth Events per Cohort
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nowcasting in reference to the estimates related to Table 3, column 4 and refer to 
Table 3, column 5 as the “full information” model (Scott and Varian 2015).

D. Prediction Quality and Robustness

In Figure 2, we evaluate the predictive quality of our estimates by undertaking a 
tenfold  cross-validation test (Witten and Frank 2005)20 and report the  out-of-sample 
share of realized growth outcomes at different portions of the entrepreneurial quality 
distribution. The results are striking. The share of growth firms in the top 5 percent 
of our estimated growth probability distribution ranges from 51 percent to 54 per-
cent, with an average of 53 percent. The share of growth firms in the top 1 percent 
ranges from 34 percent to 38 percent, with 36 percent on average. Growth, however, 
is still a relatively rare event even among the elite: the average firm within the top 1 
percent of estimated entrepreneurial quality has only a 2.4 percent chance of realiz-
ing a growth outcome.

In online Appendix Table A2, we repeat our full information model with a series 
of robustness tests to verify that the magnitudes in our model are not driven by vari-
ation across years or states. In ( A2-1) we report a variation of our model after also 
including year  fixed effects; ( A2-2) includes  state-specific time trends; and ( A2-3) 
includes both year  fixed effects and  state-specific time trends. While there is some 
variation in the magnitude of the coefficients, these changes are relatively small, 
suggesting that the estimates are not driven by idiosyncratic variation across years 
or states.21

IV. The State of American Entrepreneurship

We now leverage these prediction models to calculate the centerpiece of our anal-
ysis: evaluating trends in entrepreneurial quality (EQI), entrepreneurial potential 
(RECPI), and regional economic performance (REAI) across the 32 states in our 
sample from 1988 through 2014. We estimate two RECPI indexes: a full informa-
tion index based on Table 3, column 5 using information in intellectual property 
and business registration records, which we simply call RECPI, and a nowcast-
ing index that uses only business registration records ( Table 3, column 4), which 
we call Nowcasted RECPI. US RECPI, reported in Figure 3, is RECPI adjusted 
by the aggregate GDP of the 32 states in the sample.22 Finally, we also include a 

20 Specifically, we divide our sample into ten random subsamples, using the first subsample as a testing sample 
and using the other nine to train the model. For the retained test sample, we compare realized performance with 
entrepreneurial quality estimates from the model resulting from the nine training samples. We then repeat this 
process nine additional times, using each subsample as the test sample exactly once. This approach allows us to 
estimate average out-of-sample performance, as well as the distribution of out-of-sample test statistics for our 
model specification. 

21 Online Appendix Table B1 assesses the robustness of the index across states by estimating the  out-of-sample 
shares of firms in the top 5 percent and top 10 percent of quality by state and the correlation between entrepreneurial 
quality estimates performed individually for each state and the national estimate. While there is variation in each 
of these statistics across states, all of them indicate a relatively strong correlation between quality at the state level 
and our national measure.

22 It is also possible to adjust by population instead of GDP. RECPI/population shows a starker positive increase 
than RECPI/GDP as GDP per capita has also increased through the time period represented.
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Figure 2

Notes: This figure presents the results of an out-of-sample cross-validation procedure performed on all firms born 
between 1988 and 2008 in our database. We use a  tenfold cross-validation and plot the incidence of growth across 
each  5 percent bin.
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 confidence interval estimated through a Monte Carlo process repeating our proce-
dure for 30 bootstrapped random samples (i.e., with replacement) of the same size 
as our original sample. Before analyzing trends in the indexes, we note that both 
US RECPI and Nowcasted US RECPI move very close to each other and that the 
confidence interval of US RECPI is narrow.

Both indexes indicate a rise of entrepreneurial potential in the 1990s through the 
year 2000, with a rapid drop between 2000 and 2002. However, the level observed 
during the 2000s, through 2008, is consistently higher than the level observed 
during the first half of the 1990s. After a decline during the Great Recession (2008 
and 2009), we observe a sharp upward spring starting in 2010.23 Interestingly, 
Nowcasted US RECPI is observed at its third-highest level in 2014. Relative to 
 quantity-based measures of entrepreneurship such as the BDS, these estimates seem 
to reflect broad patterns in the environment for growth entrepreneurship, such as 
capturing the  dot-com boom and bust of the late 1990s and early 2000s and captur-
ing the rise of  high-growth  start-ups over the early years of this decade.

Our index of entrepreneurial potential does show gaps relative to realized entre-
preneurial performance. Though the statistics of GDP growth in online Appendix 
Figure A1 as well as the number of growth firms in Figure 1 peak in the years 1995 
and 1996 (respectively), US RECPI instead peaks in the year 2000. This offers 
insight into the possible sensitivity of entrepreneurial potential to credit market 
cycles. While the 1996 cohort may have had lower initial potential, those firms 
were able to take advantage of the robust financing environment during the early 
years of their growth; in contrast, the peak US RECPI  start-up cohorts of 1999 
and 2000 may have been limited in their ability to reach their potential due to the 
“financial guillotine” that followed the crash of the  dot-com bubble (Nanda and 
 Rhodes-Kropf 2013, 2014).

US RECPI offers a new perspective on the “state” of entrepreneurship (at least 
for these 32 states). Specifically, our Nowcasting index suggests that there has been 
a steep rise in entrepreneurial potential over the last several years, and 2014 is the 
first year to begin to reach the peaks of the  dot-com boom. Indeed, it is useful to 
recall that our measure is relative to GDP: on an absolute scale, US RECPI 2014 
is at the highest level ever registered. Finally, we emphasize that though there are 
small deviations, both the nowcasted and full information indexes have a very high 
concordance.

Geographic Variation in Entrepreneurial Quality.—Figure 4 illustrates the geo-
graphic variation in entrepreneurial quality for the 32 states in our sample. We 
present RECPI by zip code for all zip codes with at least 10 new firms (to avoid 
overcrowding the image), where the size of each point is equal to the quantity of 
entrepreneurship, and the color of the point indicates the EQI for that zip code (with 
darker coloring indicating a higher EQI).

This map offers insight into the distribution of entrepreneurial quantity and quality 
across the United States. First, the most intense areas for entrepreneurial potential 

23 These broad patterns accord closely with the patterns we found for Massachusetts in Guzman and Stern (2017).
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are in  well-known entrepreneurial ecosystems such as Silicon Valley, Boston, and 
Austin. Second, several large cities including Los Angeles, Houston, Dallas, and 
even Detroit host not simply a high level of new registrants but a high average 
level of entrepreneurial quality among their  start-ups. Third, a number of other 
well-known locations, such as Seattle, northern Virginia (in the Washington, DC, 
area), and Denver register a high average EQI. At the same time, there are large 
areas of the United States that host a high level of entrepreneurship but where esti-
mates of  start-up quality are relatively low. Florida, in particular, seems to have a 
very high average quantity with low average quality. Many of the mountain states 
(e.g., Wyoming, Idaho, and Utah) as well as northern New England (Vermont and 
Maine) also seem to have a relatively low average estimated quality even within 
key cities such as Salt Lake City.

Overall, this evidence supports three interrelated conclusions. First, relative to a 
perspective emphasizing a worrisome secular decline in “shots on goal” (Hathaway 
and Litan 2014b), our approach and evidence suggest that there has been a more 
variable pattern of entrepreneurship from 1988 to 2014 and that the last five years 
have been associated with an accumulation of entrepreneurial potential similar to 
that which marked the late 1990s. Second, this variation in potential has a clear rela-
tionship with later entrepreneurship performance of such cohorts as measured by the 
number of realized growth firms as well as market value created by firms in those 
cohorts. Finally, given the more gently sloped shape of the entrepreneurial boom of 
recent years, it may be the case that this accumulation of entrepreneurial potential is 
more sustainable than earlier periods.

Figure 4. The State of American Entrepreneurship

Notes: This map represents the quality and quantity of entrepreneurship in 2012 across all 32 US states for which 
we have data in our sample. Data is presented by zip code. The size of the point represents the quantity of firms and 
the color of the point represents the average quality of entrepreneurship in that zip code (white is the lowest average 
quality and dark red the highest). The entrepreneurial quality model includes state  fixed effects to account for the 
institutional differences in firm registration.
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V. Trends in the Effect of the US Entrepreneurial Ecosystem (REAI)

Entrepreneurship performance depends on not simply founding new enterprises 
but the scaling of those enterprises in a way that is economically meaningful. This 
insight motivates our second set of findings, where we examine “ecosystem” per-
formance across the United States as measured by the Regional Entrepreneurial 
Acceleration Index (REAI). REAI captures the relative ability of a given  start-up 
cohort to realize its potential, relative to the expectation for growth events as mea-
sured by RECPI (i.e., REAI = Number of Growth Events/RECPI). A value of 1 in 
the index indicates no ecosystem effect. A value above 1 indicates a positive ecosys-
tem effect, and a value under 1 indicates a negative effect. In contrast to RECPI, this 
index reflects the impact of the economic and entrepreneurial environment in which 
a  start-up cohort participates (i.e., the “ecosystem” in which it participates). This 
ecosystem will include the location in which the firm is founded (e.g., Silicon Valley 
versus Miami) as well as the environment for funding and growth at the time of 
founding. In Figure 5, we examine the changing environment for entrepreneurship 
in the United States (i.e., change in the US ecosystem as reflected in the 32 states for 
which we have data), we plot REAI over time from  1988 to 2008, and we develop a 
projected measure of REAI for years  2009–2012.24

Three distinct periods stand out. The early portion of our sample saw a significant 
increase in REAI from a slight negative level to a peak of 1.58 for the 1995 cohort. 
This is consistent with our evidence from Figure 1, in which the  1995–1996  start-up 
cohort was indeed the most “successful.” This peak was followed by a steady decline 
through 2000, in which, conditional on the estimated quality of a given  start-up, the 
probability of growth was declining as a result of the environment (i.e., time) in 
which that  start-up was trying to grow. From  2000 to 2007 there is a period of slight 
decline, with REAI moving from 0.95 down to 0.63. These differences are econom-
ically meaningful: a  start-up at a given quality level is estimated to be three times 
more likely to experience a growth event in the six years after founding if it was 
founded in 1995 rather than in 2007. Finally, though still a preliminary estimate, we 
observe a resurgence in REAI for cohorts from 2007 to 2012, highlighting a poten-
tial improvement in the entrepreneurial ecosystem in recent years in parallel with 
the boom in the availability of entrepreneurial finance. While this rise is economi-
cally important, its ultimate impact once all growth outcomes are realized remains 
to be seen.

VI. Equity versus Employment Growth Outcomes

While equity growth is a measure of success for founders and investors, realizing 
significant employment growth is an alternative measure of entrepreneurial success 
more closely tied to broader economic performance (e.g., Krishnan, Nandy, and 
Puri 2015; Davis and Haltiwanger 1992). While a full analysis of the relationship 

24 Because our approach requires that we observe the realized growth firms, we can only measure our index 
with a six-year lag, thus, up to 2008. For years 2009 to 2012, we estimate our model with a varying lag of  
n = 2014 − year  and calculate RECPI using such lag. 
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between business registration observables and comprehensive employment outcomes 
is beyond the scope of this paper (as such an analysis could be conducted more nat-
urally in the context of an integrated longitudinal database such as the US Census’s 
Longitudinal Business Database (LBD)), we undertake a preliminary robustness 
check to evaluate how the use of an  employment-based success metric influences 
our analysis and findings. To do so, we take advantage of a dataset of employment 
levels for more than 10 million firms available from Infogroup between 1997 and 
2014 (Infogroup 2014).25 We construct two new outcome variables, Employment 
Growth 500 and Employment Growth 1000, each equal to 1 for all firms recorded as 
having greater than 500 or 1,000 or more employees, respectively, within 6 years, 
and 0 otherwise. Though this measure does not capture the employment levels of 

25 Infogroup is a private sector business database similar to Dunn and Bradstreet. An overview of the dataset 
and our variable construction, as well as references to prior work using these data, is provided in online Appendix 
D. We utilize the annual snapshot data maintained by MIT Libraries from 1997 to 2014. We match firms by name 
and states and then examine, for each firm name/state combination, whether that firm achieves a given employment 
outcome (500 or 1,000) within 6 years of its business registration. In addition, to avoid duplicates, we focus only 
on headquarter locations (as indicated by Infogroup), deleting all  nonheadquarter establishments. Infogroup reports 
employment for the entire company in the “headquarter” entry.

Figure 5. Regional Entrepreneurial Acceleration Index (REAI)

Notes: The Regional Entrepreneurship Acceleration Index (REAI) measures the realized performance of an entre-
preneurial ecosystem relative to the expected potential of that ecosystem. It is defined as the number of growth 
events (IPO or acquisition within six years of founding) to occur from a cohort over the RECPI of that cohort. 
Confidence intervals are estimated through a Monte Carlo process drawing 30 random samples of size N. Projected 
performance is a preliminary estimate given the number of growth events that have occurred so far for that cohort.
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all firms (and all employment data are themselves categorical estimates rather than 
the  fine-grained measures available through administrative data), this rough cut 
allows us to identify the vast majority of firms that experience the (rare and usually 
highly observable) event of becoming a large employer in a relatively short period 
of time. As context, the 500-employee threshold is used to differentiate small and 
 medium-sized enterprises from large firms by the Small Business Administration, 
and so it is useful to consider this transition within six years from one category to 
the other.

We use these data to conduct three interrelated exercises. First, in Table  4, 
we compare our baseline entrepreneurial quality model using Growth versus the 
Employment Growth measures as the dependent variable. The estimates are sur-
prisingly similar not just in sign but also in relative magnitude, with a higher con-
cordance between Growth and Employment Growth 500. For example, firms with 
a trademark are 6.2 times more likely to get 1,000 employees (4 times for equity 
growth), firms with a patent 46.8 times (20.8 times for equity growth), firms regis-
tered in Delaware 13.3 times (14.0 for equity growth), and firms with both a patent 
and Delaware registration 131.4 times (80.56 for equity growth). This similarity 
between coefficients suggests that our baseline model not only captures financial 
outcomes but also captures significant variation across firms in their potential to 
achieve a rare and outsized employment growth outcome.

As a second exercise, we use the model with the lower level of concordance 
(Employment Growth 500) as an alternative baseline for our predictive approach to 
form a quality estimate for each firm in our sample and compare our initial entrepre-
neurial quality estimates with this alternative. The correlation between a predictive 
analytic based on Growth versus Employment Growth 500 is 0.84. Finally, we exam-
ine how the incidence of Employment Growth 500 is predicted by our estimates of 
entrepreneurial quality using our baseline equity growth regression and report the 
share of firms that achieve employment growth in the top 5 percent and 10 percent of 
quality. The results are striking: more than 48 percent of all measured employment 
growth outcomes occur within the top 10 percent of our entrepreneurial quality dis-
tribution, with around 40 percent in the top 5 percent.

While we emphasize that this analysis is incomplete insofar as our measures of 
employment growth may be incomplete, it suggests nonetheless that there is a mean-
ingful relationship between equity and employment growth and that both of these 
highly skewed outcome variables have a predictable relationship with measures of 
underlying entrepreneurial quality.

VII. The Impact of the Business Cycle on Entrepreneurial Quantity and Quality

We now proceed to evaluate how the business cycle influences US entrepreneur-
ial quality and quantity. To do so, we implement a SVAR regression that models the 
interdependent relationship between RECPI and the business cycle and allows us 
to estimate the impact of GDP growth on entrepreneurship. The impact of business 
cycles on entrepreneurship has been  long debated in economics, most notably in 
the contrast between the debt deflation theory of Fisher (1933) and the “cleansing 
effect” of recessions emphasized by Schumpeter (1939).
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Bernanke and Gertler (1989) offer the first formal account of the debt defla-
tion hypothesis, demonstrating how random macroeconomic shocks influence the 
 balance sheets of  would-be entrepreneurs and consequently change their ability to 
undertake the ambitious projects that represent new  high-quality entrepreneurship 
(see also Carlstrom and Fuerst 1997 and Rampini 2004). Relatedly, business cycles 
also change investor expectations concerning the future availability of capital, which 
in turn can lead to a reduction in the riskiness of financed projects (Caballero, Farhi, 
and Hammour 2006), a dynamic with particular implications for the availability of 
 early-stage venture capital (Nanda and  Rhodes-Kropf 2016). On the other hand, a 
smaller theoretical literature has focused on the potential for more  growth-oriented 
entrepreneurship to be founded in recessions due to a “cleansing effect,” under 
the possibility that the bankruptcy or financial stress of marginal incumbent firms 
during a downturn might enhance entry opportunities for new productive firms 
(Schumpeter 1939, Caballero and Hammour 1994).

Existing empirical evidence has yet to support precisely one hypothesis or the 
other. For example, while Nanda and  Rhodes-Kropf (2013) show that increases in 

Table 4—Entrepreneurial Quality Models with High Employment Growth Outcomes

Dependent variable
Equity growth 

(IPO or acquisition) Employment > 500 Employment > 1,000
(1) (2) (3)

Corporate governance measures
 Corporation 3.008 1.542 1.378

(0.0860) (0.0681) (0.103)

Name-based measures
 Short name 2.248 1.568 1.279

(0.0514) (0.0635) (0.0883)
 Eponymous 0.304 0.675 0.781

(0.0197) (0.0595) (0.112)

Intellectual property measures
 Trademark 3.984 7.194 6.243

(0.268) (0.750) (1.053)

Patent–Delaware interaction
 Delaware only 14.01 12.61 13.43

(0.354) (0.626) (1.149)
 Patent only 20.83 26.52 46.79

(1.101) (2.607) (6.684)
 Patent and Delaware 80.56 95.87 131.4

(3.645) (9.064) (19.86)

US CMP clusters Yes Yes Yes
US CMP high-tech clusters Yes Yes Yes

Observations 12,842,817 12,842,817 12,708,349
Pseudo R2 0.184 0.103 0.100

Notes: We develop models with the same regressor as our full information entrepreneurial quality model (Table 
3, column 5) but substitute high equity growth outcomes for high employment growth outcomes. Our outcome 
variable is 1 if a firm has high employment six years after founding and 0 otherwise, at different thresholds. 
Employment measures are taken from the Infogroup USA panel data. We have a long-term project with the US 
Census to develop entrepreneurial quality estimates using continuous employment outcomes. Robust standard 
errors are in parentheses.
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the supply of venture capital lead venture capitalists to invest in more innovative 
firms, and Moreira (2016) highlights that there are procyclical differences in the 
initial size of firms across the business cycle, which persist, Koellinger and Thurik 
(2012) do not observe any relationship between GDP growth and the subsequent 
quantity of entrepreneurship (using surveys of business ownership) in a panel of 
22 OECD countries.26 More generally, none of these papers provide a direct test of 
the key underlying hypotheses in Bernanke and Gertler (1989) or other theories. Do 
positive changes in the GDP growth rate predict no change in the overall quantity of 
entrepreneurship and a positive change in the  quality-adjusted quantity of entrepre-
neurship? Conversely, do recessions result in a downward shift in the distribution of 
entrepreneurial  quality-adjusted quantity?

To evaluate such relationship, we propose a structural vector autoregression 
model that models the interdependent nature of entrepreneurship and economic 
growth. Economic growth influences entrepreneurship contemporaneously and with 
a lag, while entrepreneurship only responds to growth with a lag, reflecting the time 
it takes to undertake an investment, which can be modeled as follows:

(5)  ln ( ΔGDP t  )  =  a 1   ln (  
RECP I t−1   _________ 
GD P t−1  

  )  + ⋯ +  a n   ln (  
RECP I t−n   _________ 
GD P t−n  

  ) 

 +  b 1   ln (Δ GDP t−1  )  + ⋯ +  b n   ln ( ΔGDP t−n  )  +  u t   ,

(6)   ln (     
RECP I t   _______ 
GD P t  

   )   =  c 1  ln (     
RECP I t−1   _________ 
GD P t−1  

   )   + ⋯ +  c n   ln (     
RECP I t−n   _________ 
GD P t−n  

   )   +  d 0   ln ( ΔGDP t  )  

 +  d 1   ln (Δ GDP t−1  )  + ⋯ +  d n   ln ( ΔGDP t−n  )  +  v t    ,

where    ln(ΔGDP t  )   represents GDP growth (in log) at time  t  , and  ln (RECP I t  /GD P t  )   
represents the  quality-adjusted flow of entrepreneurship at t, and   u t    and   v t    are the idio-
syncratic disturbances in the growth rate and the entrepreneurship rate, respectively. 
We fit a recursive SVAR to estimate   d n    as the percent increase in  quality-adjusted 
entrepreneurship from a percentage increase in the annual GDP growth rate.

Using the (admittedly small) sample of 27 annual observations for the United 
States from  1988 to 2014, online Appendix Table A4 reports coefficient estimates 
from this approach as well as equivalent regressions using only the quantity of 
firms instead of RECPI. Figure 6 presents the impulse response functions. We begin 
in ( A4-1) and ( A4-2) with a  reduced-form  single-lag VAR model. While ( A4-1) 
reports a positive relationship between GDP growth and RECPI, ( A4-2) indicates 
no relationship between changes in GDP growth and  start-up quantity. We then 
turn to a  three-lag SVAR model that allows not only to capture dynamics but also 
allows for contemporaneous impact between GDP growth and entrepreneurship.27 

26 Koellinger and Thurik (2012) do find, however, a relationship in the opposite causal direction, that entrepre-
neurship predicts ( Granger causes) economic growth.

27 The  three-lag structure minimizes both the Akaike Information Criterion and Schwarz’s Bayesian Information 
Criterion. 
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The  parameter estimates are similar. Throughout, we observe a positive relationship 
between GDP growth and subsequent RECPI and no relationship between GDP 
growth and the raw quantity of entrepreneurship. We see this more clearly in panels 
A and B of Figure 6, which present the impulse response function for regression. The 
figures indicate that a doubling of the GDP growth rate leads to a 2 percent increase in  
 RECPI/GDP  in current year t and a 4 percent increase in years t + 1 and t + 2, 
which then tapers off. In contrast, as illustrated in panel B of Figure 6, there is no 
net relationship between GDP growth and  ln (Obs/GDP)  . We further this analysis 
in ( A4-5) and ( A4-6) by considering an alternative measure of business cycles, the 
presence of an economic recession as determined by the NBER Business Cycle 
Dating Committee. As shown in panels C and D of Figure 6, the onset of a recession 
decreases  RECPI/GDP  by 5 percent in t and t + 1 (with a subsequent tapering off)
while having no net impact on  ln (Obs/GDP)  .

We emphasize that these results should be viewed with caution. We are basing 
our inferences on only a relatively short  time series, and it is of course possible that 

Figure 6. Effect of Economic Conditions on Entrepreneurship

Notes: This figure reports the relationship of economic conditions to entrepreneurship production in the United 
States. ln(∆  GDP t   ) is the log change in US GDP between years  t − 1 and t. 1[  US_Recession t   ] is a dummy vari-
able equal to 1 if the US was in a recession in that year. The years of recession are 1990, 2001, 2008, and 2009. 
All lag structures are chosen as those that maximize Akaike’s Information Criterion (AIC) and Schwarz’s Bayesian 
Information Criterion (SBIC), which agree in all cases. All models pass a VAR stability test, with all eigenvalues 
within the unit circle. A Granger causality test rejects the null of no relationships ( p < 0.01) for the ln(∆GDP) 
models and is marginally unable to reject it for the US Recession models ( p = 0.13).
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the relationship between economic performance and entrepreneurship changes over 
time and place. With that important caveat, these results are consistent with the 
hypothesis that while economic shocks have an ambiguous and noisy impact on the 
overall  start-up rate, there is a meaningful relationship between economic shocks 
and the propensity to start ventures with high growth potential at founding.

VIII. Conclusion

This paper develops a  quality-based approach with business registration records 
for 32 states to create and evaluate novel indices of the quantity and  quality-adjusted 
quantity of entrepreneurship. Not simply a matter of data, the predictive analytics 
approach allows us to focus on a more rigorous examination of variation over time 
and across places in the potential from a given  start-up cohort (RECPI), the ability 
of an entrepreneurial ecosystem to realize that potential over time (REAI), and the 
relationship between entrepreneurship and economic fluctuation.

This analysis offers several new findings about the state of American entrepreneur-
ship. First, in contrast to the secular decline observed in aggregate  quantity-oriented 
measures of business dynamism (Decker et al. 2014), the expected number of growth 
outcomes in the United States has followed a cyclical pattern that appears sensitive 
to the capital market environment and overall market conditions. US RECPI reflects 
broad and  well-known changes in the environment for start-ups, such as the dot-com 
boom and bust of the late 1990s and early 2000s. As well, a  quality-adjusted predic-
tive analytics approach captures striking regional variation in the growth potential 
of  start-ups across the United States, including the presence of strong ecosystems 
such as Silicon Valley or Boston and relatively  quantity-oriented entrepreneurship 
regions such as Miami.

By accounting for quality, our estimates offer a different perspective on the role 
of  start-ups in the US economy over the past 30 years. While the expected num-
ber of  high-growth start-ups peaked in 2000 and then fell dramatically with the 
 dot-com bust, starting in 2010 there has been a sharp upward swing in the expected 
number of successful start-ups formed and the accumulation of entrepreneurial 
potential for growth (even after controlling for the change in the overall size of the 
economy). Indeed, in contrast to the secular decline in  start-up activity observable 
in the BDS, our estimates of US RECPI indicate a net upward trend across the 
full  time series of our sample. For example, the rate of expected successful start-
ups fell to its lowest point in 1991 and reached its second-highest level in 2014 
(the final year of our sample). This finding suggests that the challenges to growth 
arising from entrepreneurship may be less directly related to the lack of formation 
of  high-growth potential start-ups and instead more related to other dynamics or 
ecosystem concerns. In particular, while there is high cyclicality in RECPI/GDP, 
REAI—the likelihood of start-ups to reach their potential—declined in the late 
1990s and did not recover through 2008. Relative to the mid-1990s, the 2000s 
were a period in which a lower level of entrepreneurial potential was realized. For 
example, conditional on the same estimated potential, a 1995 start-up was three 
times more likely to achieve a growth event in six years than a start-up founded 
in 2007.
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Accounting for entrepreneurial quality through a predictive analytics approach 
is not simply a question of more nuanced measurement of the same phenomena. 
Instead, a shift toward entrepreneurial quality allows one to connect entrepreneur-
ship and overall economic performance more directly. Using our measures in a 
structural VAR model, we find economic shocks are associated with a procyclical 
impact on the  quality-adjusted quantity of entrepreneurship, while there is no rela-
tionship with quantity alone. These results provide novel empirical evidence on the 
way entrepreneurship is shaped by economic conditions and allow us to begin to 
adjudicate between competing theories of this relationship.

More generally, our analysis suggests that taking directly a quantitative 
approach to the measurement of entrepreneurial quality can yield new insight into 
the precursors and consequences of entrepreneurial ecosystems and the impact 
of entrepreneurship on economic and social progress. Several  follow-on research 
directions are possible. First, our data reveal striking variation across regions and 
time in both the  quality-adjusted quantity of entrepreneurship as well as the poten-
tial for growth condition on initial quality. Examining how regional and temporal 
determinants of entrepreneurial ecosystems impact entrepreneurial quality, the 
growth process, and even the migration of firms between regions is a promis-
ing area for future research (Guzman 2018). Second, while our current analysis 
examines the link between entrepreneurial quality at founding and subsequent 
growth (measured as either equity or employment growth), it is separately pos-
sible to examine how particular institutions that impact  start-ups after founding 
(such as the receipt of venture capital) impact that growth process. For example, 
in Catalini, Guzman, and Stern (2019), we examine both the selection into and 
impact of venture capital on  start-up firms by exploiting this predictive analytics 
approach. Further work connecting firm founding, capital investment, and growth 
is likely to allow for a more structured understanding of the role of external capi-
tal in  start-up growth. Finally, a striking feature of our predictive analytics results 
is the unusual level of skewness in the entrepreneurial quality distribution (e.g., 
around 40 percent of all equity growth outcomes are contained within the top 
1 percent of the estimated quality distribution).

Directly measuring the high level of skewness in the initial distribution of firms 
likely offers new insight into a number of areas, such as industrial organization, 
finance, and organizational economics. These benefits are likely to be enhanced by 
ongoing technological improvements in data storage and processing capabilities, 
which will likely improve the precision and applicability of these estimates. To this 
end, these estimates are an initial implementation pointing toward a more general 
approach using founding observables and  ex post performance to estimate founding 
quality. For example, it may be possible to develop integrated datasets including 
measures based on firm founding statements, online job postings, media mentions, 
and the degree and nature of online or social media presence (e.g., presence or 
absence of a web page, functionality of that web page, etc.). Combined with more 
sophisticated predictive algorithms (e.g., machine learning approaches as developed 
in Guzman 2018), it may be possible to capture different types of performance and 
the linkage between the initial conditions at founding and different types of eco-
nomic and social impact.
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