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Abstract

Using data on nearly all U.S. business registrations since the turn of the twentieth century
and 860 technologies which emerged over this period, we study entrepreneurial activity around
new innovations. We find a large and varied entrepreneurial economy rooted in innovation,
where the vast majority of startups are not high-growth technology entrepreneurs but rather
local, low-growth firms engaged in complementary, value-adding activities. The composition
of this firm creation varies over the technology lifecycle, growing more dispersed across sectors
over time and shifting at the mean from upstream activities (e.g., production) to downstream
(parts and service). We use this evidence to propose a formal conceptualization of technology-
enabled entrepreneurship and discuss insights for entrepreneurial strategy, business ecosystems,
and industry dynamics.
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1 Introduction

A central question of strategic management is where and when new market opportunities emerge
(Nelson and Winter 1982). The most common attribution is to technological innovation, which is
widely recognized as one of the principal catalysts of industrial and economic change (Schumpeter
1942, Tushman and Anderson 1986). Entrepreneurs have been found to be particularly adept at
harnessing technological opportunities (e.g., Drucker 1985, Rumelt 1987), a pattern which has made
innovative, high-growth startups a frequent focus of strategy research. Common questions in this
literature include why some innovative startups grow large while others fail (e.g., Eisenmann 2021),
and how high-tech startups impact industry evolution (e.g., Gort and Klepper 1982, Klepper 1996)

and contribute to economic growth (e.g., Aghion and Howitt 1992).

Despite being the focus of most modern entrepreneurship research, high-tech startups comprise
only a fraction of entrepreneurial activity (Aldrich and Ruef 2018). The vast majority of startups
(in the U.S. and elsewhere) will never produce an invention, develop a new market category, or even
seek to grow (Hurst and Pugsley 2011). Most startups are instead in the more conventional business
of selling existing products or services to established customer segments. These “Main Street”
entrepreneurs get less attention in strategy research (with exceptions; e.g., Bennett and Chatterji
2023), perhaps because they are perceived to be non-strategic or structurally unattractive. Yet
smaller, local firms providing auto repair services, construction equipment rental, or I'T consulting
can be strategic, and their markets attractive: Smith et al. (2019) observe that many of the highest

earners in the U.S. today are conventional entrepreneurs like these.

In this paper, we investigate the link between innovation and the full range of entrepreneurial
opportunities it might present. Echoing the roadmap of Shane and Venkataraman (2000), who ask
“why, when, and how opportunities for the creation of goods and services come into existence,”
we study the level, dynamics, and composition of firms created around new technologies. We call
this phenomenon “technology-enabled entrepreneurship.”! Though these firms are not technology
inventors or producers they may nonetheless be significant sources of value. Our goals in this

paper are twofold: to (i) develop systematic evidence on this population of firms and the market

I Technology-enabled entrepreneurship (TEE) is distinct from technology-based entrepreneurship (TBE; Hsu 2008)
and innovation-driven entrepreneurship (IDE; Botelho et al. 2021). TBE and IDE characterize (often venture-backed)
high growth-intentioned startups that seek to meaningfully redefine existing product categories and industry struc-
tures with technological innovation, opening up new markets. Technology-enabled entrepreneurs, in contrast, exist
across a wider ecosystem—ifrom suppliers, to distributors, to servicers—and support the diffusion and application
of new technology through these complementary market functions (Adner 2006).



opportunities they reflect, and (ii) develop a structured approach to understanding these firms, how
they compete, and how they relate to major themes in strategic management and related fields,

such as innovation ecosystems, industry dynamics, and economic growth.

To systematically study technology-enabled entrepreneurship, we develop a new dataset linking
technological innovation to business creation at scale. We first use patent data to identify nearly
1,000 major technologies of the past century, using keywords from U.S. patent publications.? We
next use administrative business registration records from 47 states—which include all new corpo-
rations, limited partnerships, and limited liability companies—to measure over a century of firm
creation, and a newly-developed procedure to classify these firms into economic sectors via words
in firms’ names. We link firms to innovation by identifying firms that include one of our focal
technologies in their name.? The logic of this approach is that the invocation of a technology in a
firm’s name explicitly indicates it is closely related to, or even built upon, that technology.* We
validate this inference by examining the 4-digit SIC industries that firms with these terms are most
likely to be associated with in commercial firm directories like Dun & Bradstreet, where industries

are usually revealing of firms’ technological connections.

This approach has two caveats. First, our analysis is limited to a select set of technologies
meeting two conditions: they were heavily developed over time, and they are observable in the
patent record. We are thus unable to make statements about business creation around all new
technologies, including those that are unsuccessful, short-lived, or not patented or patentable. Sec-
ond, mentions of a technology in firm names incompletely measure its actual use. For example,
the word “computer” does not appear in the name of prominent companies like Gateway or Mi-
crosoft. However, these are not the modal firms in the economy: far more common are firms like
“Personal Computer Services Inc.” or “Computer Rental Corp.” (real firms in our data). These
considerations mean that, even with comprehensive data on firm registrations, we can only partially

characterize entrepreneurial activity related to individual technologies.

2For each U.S. patent, Google Patents provides “the top 10 salient terms extracted from the patent’s title, abstract,
claims, and description.” For each term, we identify its first use, count up total subsequent uses, and obtain
the top 200 new terms from each decade. These are often technological—words like “aircraft”, “semiconductor”,
and “internet”—but to improve our precision, we manually curate this list to a subset which is unambiguously
technological, dropping words such as “interface”, “analog”, “client” and more.

3This measurement approach is conceptually similar to (though independently conceived from) the approach taken by
Kalyani et al. (2024) to link new technologies to job postings. The methods differ in two key ways: the emphasis on
business creation (rather than job postings), and the long panel with a century of new technologies and technology-
related firms (rather than only post-1976 technologies and 2010s job postings).

4Business names are intended to be a faithful description of the business and are often direct and transparent. Prior
work has highlighted how the choices entrepreneurs make at founding, including the company’s name, are indicative
of their identity and market orientation (Belenzon et al. 2020, McDevitt 2014).



Using these data, we document three sets of facts on technology-enabled entrepreneurship. The
first is an accounting. We find that new technologies on average trigger substantial entrepreneurial
entry. Across the second half of the 20th century, 1-2% of all businesses registered each year
were explicitly (via their name) linked to one of the 860 technologies in our sample, and more
heavily developed technologies (i.e., those with more patents) are associated with more new firms.
The vast majority of these firms are not manufacturing firms and do not show indicators of high
growth intention (based on their legal jurisdiction of choice). At their peak in the 1920s and 1980s,
respectively, radio- and computer-related firms (two examples in our data) comprised roughly 1 of
every 200 new businesses in the U.S. In contrast, the peak for the median technology in our sample is
1 of every 200,000. Technologies also vary in whether they disproportionately draw entrepreneurial

entry in manufacturing, retail trade, services, or other industrial sectors.

Our second set of facts examines dynamics. We begin by characterizing time patterns in business
creation around new technologies. We find firm creation often follows an S-curve. Across our
sample, we observe two patterns in how the composition of new businesses changes over time. First,
on average, entrepreneurial activity disperses across economic sectors and value chain activities over
a technology’s lifecycle. Second, the distribution of new firms tends to shift downstream: words
like manufacturing and engineering are more likely to appear in firm names early in the technology
lifecycle, and words like maintenance, parts, and service become more common later, highlighting
how the specific nature of entrepreneurial opportunity evolves from production to aftermarket

service as industries develop or mature, and as technologies age.

Our third set of facts involves prediction. Which technologies are associated with follow-on
entrepreneurial activity, and when does this activity take place? Our analysis relates firm creation
to technologies’ early-observable features. We consider three traditional constructs from the in-
novation literature, measured across a technology’s first 100 associated patents: private value (to
the patent owner; Kogan et al. 2017), “breakthrough” quality (i.e., impact on future innovation;
Kelly et al. 2021), and generality (measured here as the number of distinct co-occurring keywords
in these patents). Technologies with higher breakthrough quality and more early recombination are
associated with more firm creation, and firm creation that is more dispersed across sectors. Those
with higher private value trend in the opposite direction. We then examine a technology-year panel
and ask whether recent trends in technological activity predict subsequent firm creation. Contem-
poraneous and recent (past 1-2 years) patenting activity has a large and precise relationship to the

number of associated startups founded in a given technology and year.



The implications of this evidence are potentially broad. Our first and most important insight is
the simple fact that there are millions of local businesses that have been enabled by technological
innovation, even when not in the business of producing it. Entrepreneurial opportunity introduced
by new technology is thus broad and diffuse. However, relative to growth-oriented tech startups
with high tendency for R&D and potential for outside investment and lucrative exits, there is less

theory and evidence being developed for ventures in this wider set.

In the latter part of the paper, we give conceptual structure to technology-enabled entrepreneur-
ship as a phenomenon, taking an abductive approach.® In brief, we arrive at a view of technology-
enabled entrepreneurs as firms that help cultivate new market segments, and create and capture
value, through activities that enhance the value of new technologies invented and produced by oth-
ers. We assess possible drivers of long-term advantage for these firms, such as local market power,
local relationships and reputation, and extreme specialization, which are distinct from traditional
sources of advantage for innovating firms. We then explore gaps in existing strategy frameworks
(e.g., entrepreneurial strategy and ecosystems strategy) in relation to technology-enabled startups,
and potential extensions that can accommodate them, such as “choosing your activity” before your
technology (versus choosing technology first), and dynamic ecosystems strategy (as complementary

value creation evolves over the technology lifecycle).

Beyond research investigating the relationship between entrepreneurship and innovation, our
paper is related to the literatures on innovation ecosystems (e.g., Moore 1993, Iansiti and Levien
2004a,b, Santos and Eisenhardt 2005, Adner and Kapoor 2010) and industry dynamics (e.g., Aber-
nathy and Utterback 1978, Gort and Klepper 1982, Suarez and Utterback 1995, Klepper 1996,
Agarwal and Tripsas 2008, Agarwal et al. 2017). Our analysis brings an industry evolution lens
to the ecosystems literature: by examining how entrepreneurial entry upstream of, downstream of,
and complementary to new technologies varies over time, we provide a systematic analysis of en-
trepreneurial dynamics that considers not only technology producers but other technology-related
firms as well. The evidence indicates that there is a much broader entrepreneurial ecosystem around
new technologies that can flourish even as entry into manufacturing starts to decline, and that this
ecosystem evolves over time—insights which raise opportunities to extend existing frameworks for

understanding both industry evolution and business ecosystems alike.

The implications of this paper also extend beyond strategy: the scale and scope of technology-

®Since our analysis is an empirical accounting of a new (or at least underexamined) phenomenon, we do not perform
a contrast of multiple theories as in Kim et al. (2024)—though we still aim to explain our results in a useful (and
appropriately general) way that provides theoretical consilience (Pillai et al. 2024).



enabled entrepreneurship suggest these firms may be important to aggregate economic growth.
Though endogenous growth literature emphasizes entrepreneurs as innovators, non-innovating star-
tups can also play a crucial, complementary role in converting technological change into economic
change—as Hvide and Meling (2023) show for broadband-enabled businesses. Our results suggest
they may do so in a variety of ways, including making, selling, installing, and/or servicing new
technology, or advising users on how to use it productively. It may be as much through these value-
adding activities as through R&D that innovation diffuses into the economy and is transformed
into productivity growth. The potential extensions of this paper are thus in our view considerably

broader than strategy. We leave these questions to future research.

We proceed as follows. Section 2 elaborates on established connections between innovation
and entrepreneurship, why non-innovating firms have received less attention in strategy research,
and what might be learned from them now. In Section 3 we describe how we measure innovation
and firm creation, and in Section 4 we present a first look at the data, including features of
entrepreneurial activity around the top ten technologies of the past century and other motivating
descriptive patterns. Section 5 is the core of the paper, where we present our three sets of facts:
(i) an accounting of technology-enabled entrepreneurship, (ii) its dynamics, and (iii) its predictors.
Section 6 more deeply explores who technology-enabled entrepreneurs are, what they do, and some
extensions to existing strategy frameworks that the evidence of this paper suggests. Section 7

reflects on where research might go from here and concludes.

2 Technological vs. Local Entrepreneurship: A False Dichotomy?

Research on the relationship between entrepreneurship and innovation largely centers around
a “Schumpeterian” perspective, where startups driven by financial incentives compete through
innovation. These technology-based (or innovation-driven) entrepreneurs (TBE/IDE; Hsu et al.
2007, Botelho et al. 2021) are thought to be a major driver of technological progress, industry
evolution, and economic growth. In strategic management, the Schumpeterian perspective also
emphasizes the importance of appropriability—the ability to capture value from innovation—as a
driver of entrepreneurial success (Teece 1986, Gans and Stern 2003). Schumpeterian entrepreneurs

are typically high-growth, highly innovative, and venture-backed.

At the other end of the spectrum, a parallel literature has studied self-employment and the

choices individuals make to work for themselves vs. others. Unlike Schumpeterian entrepreneurs,



these small and medium-sized enterprises (SMEs) typically do not intend to scale their businesses or
innovate (Hurst and Pugsley 2011), and they make lower average (but higher variance) returns than
comparable salaried workers (Hamilton 2000, Levine and Rubinstein 2017)—a marked contrast to
high-tech entrepreneurs, who tend to earn higher returns (Braguinsky et al. 2012). This is not to
say that these businesses do not provide important services: local medical and legal professional
practices, skilled craftspeople, and personal care services create value for their customers and their
communities. But these entrepreneurs are generally thought to have little relation to transformative

innovation and have received less attention in strategy research.

The inset below presents a schema of the innovation-based entrepreneurship literature on three
dimensions: whether a specific technology is in the core of a firm’s strategy, whether the firm makes
vs. uses technology, and whether the firm is growth-oriented. The existing strands of research
(innovation-driven startups and traditional SMEs) seem to present complementary perspectives,
suggesting entrepreneurship exists at the extremes of the distribution, with: (i) hard-driving dis-
ruptors who create scalable companies with the potential for lucrative exits and (ii) more passive
owner-operators who run small, stable businesses, sometimes at an opportunity cost. Accordingly,
the shape of this literature suggests entrepreneurship can be broadly categorized into two groups:

high-growth and local (e.g., Schoar 2010).

Categories of startups in relation to technology and growth orientation

Technology
critical vs.  Innovating vs. Growth
non-critical —using innovation orientation Description Prior focus
. High Innovation-driven (TBE/IDE) X
Innovating .
- Low Niche products X
Critical Hich
Using innovation & Technology-enabled
Low
- . . High Conventional growth X
Not critical Using innovation Low Traditional SMEs X

Notes: Table outlines categories of research in entrepreneurial strategy in relation to whether tech-
nology is integral to firms’ value proposition, whether firms are making versus using technology, and
whether they are high- or low-growth oriented. TBE and IDE are acronyms for technology-based en-
trepreneurship and innovation-driven entrepreneurship (e.g., Hsu 2008, Botelho et al. 2021), which are
past conceptualizations of high-growth, innovative startups. Table highlights the segment which is the
focus of our attention in this paper.

By our reading, however, the existing literature seems to have made two important oversights.
First, strategy research often treats local entrepreneurship as uninteresting—effectively sidelining
entrepreneurship that is either small or low-tech. The relative neglect of these firms may reflect a

view of them as low-upside and low-impact: neither very strategic nor very relevant to strategy.



However, this view is inconsistent with some of these firms’ long-term survival and with features of
the U.S. income distribution, where some top earners draw income from small and medium-sized,

privately-owned, technology-related firms (Smith et al. 2019).

Second, existing research has focused almost exclusively on firm size as a performance indicator.
Strategy research, for example, often focuses on scaling (vis-a-vis sales, headcount, or other metrics).
Economic and policy perspectives tend to emphasize job creation. However, a focus on firms’ own
performance overlooks the broader impacts they might have on industries and economies, up to
and including productivity growth: firms may create substantial value even if they fail to capture
most of that value themselves. Shifting focus to value created (beyond value captured) broadens
the lens to the rest of the value chain (Adner 2012), and uncovers a more nuanced insight. Even
if firms remain small and fragmented, these firms can still play an important role in transforming

innovation into impact (for example, by facilitating diffusion).

In order for these technology-enabled firms to enter and operate in the myriad ways that they
create value for others, they need pathways to (at least some) value capture. Better understanding
what the entrepreneurial opportunity landscape is, and how it evolves over a technology’s lifecycle, is
one goal of this paper. Our data will support the investigation of these questions via patterns of firm
creation. In later discussion, we will (more conceptually) explore the role that technology-enabled
startups play in value creation, the features of technology-enabled market segments and startups
that support firm performance, and how existing frameworks might be extended to incorporate or

address these firms’ opportunities, activities, and constraints.

3 Data and Measurement

To undertake this analysis, we develop a new dataset to measure entrepreneurial activity that
emerges around technological innovation. This dataset, in turn, requires identifying specific tech-

nologies, measuring firm creation, and drawing links between them.

3.1 Identifying new technologies through patents

Measuring technologies is less straightforward than might initially appear. There is no single
authoritative list of technologies for us to study, in part because a technology, as commonly un-
derstood, is not unitary: “technology” often represents a bundle of innovations. Though often

used in research, patent data present challenges: patents are written on inventions which are often



narrow and comprise parts, devices, or processes which are embodied in products, rather than final
products themselves. Patent classes are broader than any one patent alone, yet they can be hard

to map to individual technologies (as commonly understood).

Instead of patents or patent classes, we use patent keywords to identify discrete technologies that
each patent is associated with, in plain-language—following a growing body of work in management
and other fields which takes similar approaches (e.g., Packalen and Bhattacharya 2012, Arts et al.
2021, Gross 2023, or Kalyani et al. 2024). These keywords were obtained from Google Patents public
data (using BigQuery) and represent each patent’s “top 10 salient terms extracted from the patent’s
title, abstract, claims, and description.”® Keywords are typically technological, and sufficiently
general that they appear across multiple patents and often clearly identify the technology(ies) to
which a given patent relates: for example, some frequently-recurring keywords include television,
radio, semiconductor, and internet. Other keywords are simply terms that co-occur in patents with

these technologies, such as receiver, signal, substrate, or data.

We retrieve these keywords for all patents issued by the U.S. Patent and Trademark Office
(USPTO) since 1836 (when the patent record begins) and use them to identify new technologies as
follows. We first identify the first use of each keyword in the patent record and measure the total
number of patents with that keyword (through 2009). We then filter to the 200 most heavily used
keywords introduced each decade from the 1880s (thus capturing influential 20th century technolo-
gies such as the automobile) to the 2000s (covering modern technologies such as the internet)—

drawing uniformly across decades to create a representative sample.”

As the above examples illustrate, not all keywords are technologies as typically conceived. We
therefore manually review all keywords and sanitize this set of words that are not, by our reading,
obviously or unambiguously identifying of a technology in non-patent contexts. For instance, the
term “programming” appears in our list, but in addition to software engineering, it also has non-
technological uses (e.g., community programming). We also drop biological or chemical entities
(e.g., “alkylene”), units of measure (e.g., “pixel”), and terms with less than three characters, as
well as a handful of terms related to nuclear physics (e.g., “atomic”), which we have found are

often used colloquially in firm names. The end result is a set of 860 technologies. Of these, 658

5No formal documentation is available on Google’s methodology, but the data developers shared with us over email
that these terms are obtained from a procedure similar to TF-IDF (a common method for measuring words’ impor-
tance in textual documents), with corrections for very common terms and bigrams. This method aims to find terms
that are common in a patent, but rare across the population of patents.

"We use natural language processing tools to singularize plural nouns before performing this aggregation.



technologies can be linked to firms (discussed below). These comprise the sample for our analysis

(see Appendix Table B.2 for a sample list of these technologies).®

This approach comes with a few limitations. One is that our sample is conditioned on the
total number of patents filed on a technology, which implies we will be studying technologies that
with hindsight were influential. Since we do not know how selection creates differences between
these technologies and others, we are not able to make statements about the population of all new
technologies an entrepreneur may observe at any given moment in time, nor about entrepreneurship
around ultimately unsuccessful technologies. Additionally, we sample on patents, and will therefore
miss innovations that are not patentable or patented, including many organizational innovations
and most business process innovation.? Finally, our use of text-based measures raises the question
of whether, and how, language has evolved over time. Language associated with novel ideas may
develop alongside them, and initial patents may not fully capture the innovation in contemporary
language. We believe this is unlikely to be problematic in our case, as most of the keywords in
our sample balance specificity with genericity and entered the English lexicon when they began to

grow. However, care in interpretation is nevertheless advisable.

Additional innovation characteristics

Having identified a set of technologies via patent keywords, we measure a number of their
characteristics from the patent data. We begin with the USPTO historical master file (Marco et al.
2015), which provides a master list of granted patents with grant dates and patent classes. We
merge in data on the economic value of patents from Kogan et al. (2017) (henceforth, KPSS), which
estimate the stock market response to patent grants since 1926. This measure represents investors’
perceived economic value of a patent to the patent holder, and is only available for patents issued
to public companies (by construction). We also merge in data on “breakthrough” inventions, as
developed by Kelly et al. (2021) (henceforth, KPST), who calculate the textual similarity of each
patent to others filed in the years immediately before and after, and measure the ratio of forward to
backward similarity—defining patents that were novel for their time, but similar to later patents,
as “breakthroughs”. We use the ratio of patents’ 5-year forward similarity to 5-year backward

similarity (as provided by KPST) as our preferred measure. Finally, we use patent data to measure

8Though we explored other refinements such as grouping seemingly-related terms (e.g., automotive and automobile),
ambiguity over when to group terms—particularly when they could be considered synonyms but are not perfect
substitutes—Iled us to err towards caution by keeping these terms independent.

9The U.S. Federal Court of Appeals established the patentability of business methods in a 1998 decision in the case
of State Street Bank v. Signature Financial Group (149 F.3d 1368 (Fed. Cir. 1998)).



technologies’ combinatoric features, motivated by work in management and economics suggesting
recombinant search can produce technological breakthroughs (e.g., Weitzman 1998, Fleming 2001).

We use co-occurring patent keywords to measure recombination.

Rather than evaluating technology characteristics generally, we are interested to understand
what can be learned specifically at the earliest stages of a technology’s lifecycle about entrepreneurial
opportunities it may introduce. We therefore focus on early patents. Using the first 100 patents
filed on each technology, we measure: (i) the highest KPSS value of any of these patents, (ii) the
highest KPST breakthrough value of any of these patents, and (iii) the number of distinct keywords

appearing in these patents. Table 2 describes these variables.

[Table 2 about here]

3.2 Measuring firm creation through business registration records

We measure firm creation using state-level business registration records. Business registration
is the act of creating a new limited partnership, a corporation, or—since 1993, in most of the
U.S.—limited liability companies (LLCs). As such, it represents the legal founding of a company
and, in most cases, an anchoring moment of entrepreneurship. This provides us a way to measure
business creation over long horizons, as this paper requires, with sufficiently consistent definitions

across space and over time. We explain these measures next.

While U.S. corporations have been created since at least the 1600s, it was traditionally a slow
process that was tightly controlled by the state (pre-American Revolution, by England; later, by
state governments). Since creating new corporations often required state legislatures to pass an act
providing it a charter, there was historically a considerable difference between overall entrepreneur-
ship and legal firm formation. The incorporation process was gradually opened up in the late
1800s, beginning with New Jersey in 1896, and quickly expanding to other states. By roughly
1915, two features characterized business incorporation across the U.S. First, all states allowed
general (i.e., open) incorporation. Second, firms in every state could choose a legal jurisdiction (a
sort of statutory domicile) different from their physical headquarters location. Incorporating firms
in practice typically chose between two options: their local state law, which advantages new firms
operating in the state, and Delaware corporate law, which is more beneficial for larger firms that

engage in business across states, have a large operation, or intend to list on the stock market. In

10



a more recent, post-1988 sample, being registered in Delaware is associated with a 23 times higher

probability of reaching a high growth outcome (Guzman and Stern 2020).

We collected data on all business registrations across 50 U.S. states through the Startup Cartog-
raphy Project (Andrews et al. 2022), of which 47 included historical data.' Each record provides
the company’s name, physical location, state of registration, jurisdiction of choice, corporate form
(i.e., corporation versus LLC), and registration date. These data allow us to measure all new legal
entities registered in the U.S. since the late 1800s, providing us a rich view of entrepreneurship over
time. The major limitations, in our view, are twofold. First, the data do not include firms’ indus-
try or business characteristics, which motivates our developing a new way to categorize businesses
into sectors. Second, they specifically measure the creation of legal entities, and do not include

unincorporated sole proprietors or general partnerships.

Focusing on new legal entities allows us to study an anchoring moment in firm formation that
maps naturally to a definition of entrepreneurship: it is the moment a business idea gets translated
into an independent organization tasked with executing on it. This is a consistent definition that our
data allow us to apply over our entire sample. One implication of this approach, however, is that our
measures of firm creation will be sensitive to changes over time in the propensity for incorporation
over other organizational forms, including unregistered partnership and sole proprietorship.'’ To
limit these concerns, we include technology fixed effects in our analysis where we can, and condition
on invention half-decades (and, in robustness checks, invention year; see Appendix C) to compare

technologies born into similar institutional environments.

Industry classification

Registration data do not include a firm’s line of business. In administrative datasets such as
those of the U.S. Census Bureau, firms’ industry is categorized into a standardized industry clas-
sification by professional coders and proprietary recommendation algorithms, using data collected
by mandatory-response census instruments. State offices that register businesses, however, do not
classify new registrations into industries, nor do they consistently collect information to support a

direct ex-post industry classification by administrators or researchers.

For our aims in this paper, however, we wish to know what business a firm is in. To do so,

0The Startup Cartography Project primarily documents entrepreneurship since 1988, but we are able to retrieve the
full history of firm registrations, both active and deceased, from nearly all states.

1 As Guinnane et al. (2007) point out, incorporation patterns have varied across U.S. history, especially in the postwar
period as corporate and personal income tax rates diverged, preferencing incorporation.

11



we build on recent research showing that firm names predict performance and growth potential
(McDevitt 2014, Belenzon et al. 2017), and consider that firm names might also provide useful
information about industry. We develop a procedure that associates words in firm names with each
of ten economic sectors, which we can use to classify firms to sectors. Concretely, we use Dun
& Bradstreet (D&B) data, which include both firm names and Standard Industrial Classification
(SIC) codes, to train an algorithm that measures the frequency with which individual words in
firm names appear in 10 high-level sectors (into which the U.S. SIC classification is organized) and
apply this to impute firms’ sectors based on their names.'? This approach mimics methods used by
the U.S. Census Bureau to classify firms into industries, which uses a combination of firm names
and one-line business descriptions (Kearney and Kornbau 2005), and by D&B itself, which at times

uses firm names to impute their industry (Cramer 2017).

As we show in Appendix A, this procedure does a reliably good job of identifying firms’ economic
sectors in multiple validation samples. It comes with the added advantage that it supports a more
flexible classification than SICS or NAICS: firms can be fractionally associated to multiple sectors

and thus span sectoral boundaries, as many firms do in practice.

Measuring value chain activities

Following a similar logic, we associate firms to specific value-adding activities related to tech-
nological innovation using words in firm names. We focus on five categories which can be viewed
as sequential steps in the value chain—research, manufacturing, sales, distribution, and service,
omitting other activities that might be more nebulously defined or measured (e.g., marketing). In
contrast to our sector classification, which takes a data-driven approach to fractionally associate
firms to each of ten economic sectors, we connect the firms in our sample to these five value-adding
activities via hand-chosen words and substrings (such as manufact, store, service, or repair), which
prioritizes precision over completeness. When this procedure associates a firm to multiple activities
(because, e.g., the firm’s name has both “manufacturing” and “supply” in the name), we discretely

measure it as engaged in its most upstream associated activity.

3.3 Linking technologies and firms

The last step in our data collection is to draw links between innovations and firm creation. To

do so, we take our initial set of 860 technologies, and search for these technologies in firm names.

2These sectors are: Agriculture/Forestry, Construction, Finance/Insurance/Real Estate, Manufacturing, Mining,
Public Administration, Retail Trade, Services, Transportation/Public Utilities, and Wholesale Trade.
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In doing so, we measure firms which explicitly self-identify with each technology, which we will
presume indicates that the firm is closely related to that technology. Within technologies, we then
aggregate registrations to count firms for all years, by year, and of various types (e.g., manufacturing
firms vs. others, or Delaware vs. local jurisdiction). We link a total of 658 technologies to new

firms in this way. Table 2 describes their characteristics.

3.4 Limitations and validation

Our approach, while systematic, also has limits. There are almost certain to be false negatives:
firm names will not fully measure firms’ relation to new technologies, both because some names
do not explicitly convey the business a firm is in and because some firms may be engaging with
multiple technologies or a single technology may not be sufficiently characteristic of the firm to
be in its name. There is also a risk of false positives: firms that mention a technology in their
name without any business relationship to it. Though it seems uncommon prima facie that firms
would misrepresent their line of business, particularly given prior evidence that names are used to
signal firm types (McDevitt 2014), it is possible that major innovations may be faddish and their
use represents marketable naming conventions. To evaluate whether the presence of a technology’s
keyword in a firm’s name is a meaningful signal, we examine the industries these firms are associated
with in our Dun & Bradstreet data. Appendix Table B.1 lists all technologies in our data with at
least 500 associated firms in D&B, and the top three 4-digit SIC industries they are in. Across
the table, these industries reflect the technology in question. A corollary question is whether co-
occurring words in firm names are reliable indicators of the sectors and value chain activities that
firms are engaged in. The validation of our sector classification method (Appendix A)—which is

based on these co-occurring words—shows that this content is revealing.

A second limitation is that there is a small share of firms that we are unable to classify to
sectors because the words in their names are either generic stop words or were not in our D&B
training data. However, even under our most restrictive procedure, we classify 90% of firms, and
this rate is stable over time. Some words included in our technologies list can also be contended,
particularly non-nouns, and in robustness checks, we further limit the sample in key analyses to
only nouns (Appendix C). As additional references, Appendix Tables B.2 and B.3 show the firm
registration counts for technologies with the most patents and most associated firms (respectively),
the most-common co-occurring words in firm names (Appendix Table B.2), and three randomly-

chosen associated firms as examples (Appendix Table B.3).
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4 Descriptive Evidence and Case Studies

We begin our analysis by providing descriptive information on the technologies and firms in
our sample, and basic relationships between them. Table 1 lists the technologies with the most
associated startups by decade, from the 1900s to the 1990s. For each technology we list the number
of associated firms, the share we classify to manufacturing versus other sectors, example firms, and
co-occurring words in firm names. The terms that emerge reflect some of the most transformative
technologies of the century, including wireless communications, automobiles, video, semiconduc-
tors, software, and the internet.!> Our evidence identifying these technologies as the important
technologies driving entrepreneurship over the twentieth century has not, to our knowledge, been
seen before. Notably, little of this entrepreneurship is in technology production, albeit with some
clear exceptions, such as with semiconductors. For most technologies, associated firm creation

covers a broad set of (mostly non-manufacturing) business activities.
[Table 1 around here]

Table 2 presents summary statistics on our full technology sample. The table provides evidence
of large variation across technologies in the number of associated firms (which ranges from zero
to nearly 100,000, with a mean of ~1,000 and large skew). We also observe a low share of firms
registered in Delaware (a signal of growth intention) or which we classify to manufacturing. The
latter results reveal that creating and capturing value around new technology is not simply the

strategic domain of innovative, high-growth startups, as is often assumed.
[Table 2 around here]

Example technologies

A number of patterns in our data—and themes of this paper—can be previewed through a few

prominent examples. The first of these is the “entrepreneurial lifecycle”.

A long literature has examined technology and industry lifecycles (e.g., Abernathy and Utter-
back 1978, Gort and Klepper 1982, Klepper and Graddy 1990, Klepper 1996, Agarwal et al. 2017),

at times with an emphasis on startups (Agarwal and Moeen 2015). In Figure 1 we document the

13Computers are notably absent from this table, due to the term emerging in the patent data in the late 19th century
(in reference to mechanical calculating machines), but are included in our broader dataset.
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evolution of firm creation over time for ten example technologies in our data. For each one, we
measure the annual share of all U.S. firm registrations that are associated to this technology (scaled
by 100,000 for readability), and smooth sharp fluctuations by calculating a 5-year moving average.
The vertical dashed lines mark the technology’s “emergence” year, which we define as the first year
when it has at least 10 cumulative associated firms and enters a five-year period with more than
10% average annual growth in firm creation—effectively, when firm creation first takes off (akin to

the approach taken by Kalyani et al. 2024).

[Figure 1 about here]

In all cases, firm creation grows, peaks, and (in all but the most recent cases) declines. But
there is also substantial heterogeneity. As Table 3 shows, some of these technologies at their peak
generate an order of magnitude more entrepreneurial entry than others. In some cases, entry is
slow to build; in others, fast. Some technologies are multi-peaked, while others stimulate short but
sharp bursts of firm creation. Embedded in these figures is an implicit, approximate ‘S’ curve, with
discernible phases in the lifecycle (Gort and Klepper 1982).1* Though much of the same could be
said about previously documented industry lifecycles, this evidence is distinctive in one key way:
rather than characterizing technology producers alone, it reflects the full range of entrepreneurial
activity, most of which consists of firms that are not producing the technology but are nevertheless
building new enterprises around it. When we transition to systematic analysis across the full
sample in Section 5, we will also expand the sampling frame to a larger set of technologies than
has been feasible in most prior scholarship on industry evolution, which typically takes the form of

single-industry studies or a samples with at most a few dozen products or technologies.

[Table 3 about here]

Figure 2 examines the sectoral composition of these startups.'® Though a few technologies have

a large share of entry in manufacturing (e.g., semiconductors, and to a lesser degree electronics and

1In Appendix B we also undertake an empirical exercise to compare our sample and methods to those of Klepper
and Graddy (1990) (KG), who characterize 46 products (some technological, some not) into three stages vis-a-
vis net entry into manufacturing: growth, shakeout, and stabilization. For the subset of the products in KG
we could reliably search for in our data, in Appendix Figure B.1 we plot the smoothed entrepreneurial lifecycle.
Intriguingly—yet reassuringly—we find that KG’s Stage 1 (take-off) generally coincides with the take-off in firm
creation and Stage 2 (shakeout) coincides with the beginning of a permanent decline.

15Tn preparing these figures, we present technologies’ sector shares for contiguous years with at least 10 firms, to
reduce noise and aid visualization. Note that this chart is most easily read in full color.
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aircraft), others concentrate in construction (HVAC), transportation and utilities (aircraft, radio,
television), or services (automotive, software, internet). Research studying only one sector will thus

tend to omit most technology-driven entrepreneurial activity.

[Figure 2 about here]

5 Systematic Patterns

5.1 The quantity and composition of technology-enabled startups

We now provide a more systematic accounting of technology-enabled entrepreneurship. We
begin by measuring how many such firms there are, and what they do. Figure 3 provides a first
accounting, showing the share of annual U.S. business registrations associated with the technologies
in our sample by year, from 1920 to 2000, separately reporting firms registered in Delaware versus
other jurisdictions and firms we classify into manufacturing versus other sectors. When we look
across the twentieth century, we find that a substantial share of entrepreneurship is related to
new technology. Between 1950 and 2000, roughly 1-2% of new firms each year explicitly include
one of the technologies in our sample in their name—a total which almost certainly undercounts
technology-enabled entry due to both our limited technology sample and our reliance on firm names,

which only partially measure the phenomenon.'6

The vast majority (~85%) of these firms are local, non-manufacturing firms, with most of the
remainder evenly split between local manufacturing and Delaware-registered non-manufacturing
firms. Rather than fast-moving, high-growth innovators, most firms linked to new technologies thus
have founding characteristics consistent with small, local enterprises that are creating and capturing
value by providing ancillary goods and services, finding and exploiting the market opportunities that
innovation creates—such as local equipment sales, rental, installation, maintenance, or advisory
services. We also see variation in this aggregate accounting over time, with two inflection points:
a permanent increase after World War II, and a temporary surge in the 1980s with the growth of

personal computer-, electronics-, and software-related businesses.

[Figure 3 about here]

16This estimate is much larger than the number of venture-backed firms, which effectively did not exist prior to 1970
and even today only comprises less than 0.1% of U.S. startups in any given year (Kerr et al. 2014).
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Figure 4 explores whether more heavily-developed technologies also have more associated firms,
presenting a binned scatterplot of log firms against log patents for our sampled technologies, con-
ditional on the year of each technology’s first patent. We do so for all firms, manufacturing vs.
non-manufacturing firms, and Delaware vs. non-Delaware registered firms. We find a large correla-
tion between these two measures: a doubling of patents is associated with 53% more firm creation
in a given technology. Strikingly, this relationship is statistically and quantitatively very similar
across all firm types, revealing a second insight: not only are more developed technologies more
likely to spawn new business, but they appear to do so for businesses of all flavors, including small,

local, non-technology producing firms that are unlikely to grow.

[Figure 4 around here]

5.2 Entrepreneurial dynamics over the lifecycle

5.2.1 The dispersion of entrepreneurial entry

We next examine the evolution of technology-enabled startups over the technology lifecycle.
Despite a long history of research on technology industry dynamics in strategy and other fields,
relatively little attention has been given to understanding the decentralized emergence of a wider
ecosystem around new technologies or considering how it evolves alongside the more frequently
studied technology-producing sector, despite the number of firms that are demonstrably pursuing

other technology-enabled opportunities (as seen in Figure 3).

Our starting point is to examine the dispersion of entrepreneurial activity across value chain
positions and economic sectors over the technology lifecycle. Because there are many ways to
measure dispersion, we take several approaches. One is to measure the top activity’s (or sector’s)
share of firm creation. Another is to construct a Herfindahl index across activities (sectors). A
third is to measure the coefficient of variation (C.V.), calculating the variance of each activity’s
(sector’s) share of firm creation in a given technology divided by the mean (as Kalyani et al. 2024 do
in studying the geographic spread of jobs related to new technologies). All three are concentration
measures that, when they decline, will signal entrepreneurial entry growing more heterogeneous

and diffuse, and (for the C.V.) more balanced across sectors.

In Table 4 we estimate a regression of each measure, calculated at the technology-year level, on

indicators for each decade of a technology’s lifecycle, controlling for technology and calendar year
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fixed effects. Concretely, we estimate the following equation:
Y = Z Bs - 1(Technology is s years into lifecycle) + a; + ¢ + €44 (1)
S

where i and t index technologies and calendar years, a; and 0; are fixed effects, and (s are the
parameters of interest. Columns (1) to (3) of the table examine activity-based concentration mea-
sures, and Columns (4) to (6) sector-based measures. All of these measures decline monotonically
across technologies’ lifecycles. This indicates a substantial dispersing of entrepreneurial activity as
technology-based economies evolve. The estimated declines are large in magnitude for activities
relative to sectors, which wash out more of the variation, but still large for the latter. This evidence
reinforces our thesis that new technologies present highly varied opportunities for new enterprises,

and that these opportunities grow increasingly varied as technologies age.
[Table 4 about here]

5.2.2 Migration of entrepreneurship down the value chain

As entry disperses, how does the positioning of these firms change? Table 5 uses co-occurring
words and our sector and activity classifications to evaluate how economic activities undertaken
by technology-related startups vary over the lifecycle. Panel (A) reports the relative frequency of
the manufacturing, services, and ‘other’ sectors among the first 100 firms in a given technology,
the 101-200th, the 201-500th, and so on. Panel (B) does so for specific value chain activities, and
Panel (C) for specific co-occurring words in firm names, which we partition into three sets: words
that are relatively common early in the technology lifecycle but which decrease across it, those that

increase, and those that follow an inverted-U pattern.
[Table 5 around here]

We observe three patterns. First, entry related to the production and development of a technol-
ogy tends to peak early in its lifecycle. This is apparent for manufacturing sector firms (Panel A),
firms we associate to research and production activities (Panel B), and paired words like “manu-
facturing” or “engineering” (Panel C). Second, as technologies mature, downstream entry appears
to grow: Table 5 shows an increasing relative frequency for service sector firms (Panel A), firms we

associate to service activities (Panel B), and for terms like “maintenance”, “parts”, and “service”
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(Panel C). Third, firms more closely related to distribution follow an inverted-U pattern, peaking
along the middle of the innovation’s lifecycle: in the middle of the lifecycle is when paired words

such as “equipment” and “supply” reach their peak.

We interpret this evidence as indicating that, as technologies mature, entry shifts from pro-
duction to servicing, which increasingly adds value by maximizing the longevity of technologies
that have already diffused. In between, entry also gravitates towards complementary activities,
including those that support its adoption, like sales and distribution. Whereas prior work has of-
ten emphasized a decline in entry as technological industries mature and consolidate (Klepper and
Graddy 1990), our broader firm sample instead shows a downstream migration of entrepreneurial

entry—and by revealed preference, commercial opportunity.

We more formally examine these transitional dynamics in Table 6, which estimates changes
in the share of firms associated to manufacturing vs. services, at the technology-year level, on
indicators for each decade of the technology lifecycle (Equation 1). Columns (1) and (2) of Table
6 examine activity shares, and Columns (3) and (4) sector shares. The results document a similar,
monotonic shift on balance as Table 5, from production-oriented firms to service-oriented firms,

with the decline in the former offset by growth in the latter. 17

[Table 6 about here]

5.3 What predicts technology-enabled startups?

Which technologies create more startups and when? Evaluating which technologies are likely
to present high-potential commercial opportunities is a problem at the center of the entrepreneur’s

decision to start a technology-related firm (Gans et al. 2021).

We first ask whether characteristics which can be measured early in a technology’s lifecycle
predict the total number of firms created around that technology. Table 7, Panel (A) estimates a
cross-technology regression of (log) firm creation against the three characteristics described in Sec-
tion 3: the maximal private value (to the patent holder) of the first 100 related patents (estimated
from stock price reactions, for patents issued to public firms; Kogan et al. 2017), the maximal

“breakthrough” value (which captures the departure from prior art and impact on subsequent

Y7Our results also speak to Cusumano et al. (2015), who study how individual companies (such as Oracle) have moved
into services as industries mature, but do not assess differences in entry rates or across other technology-associated
industries.
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patenting; Kelly et al. 2021), and the level of recombination (the number of distinct, co-occurring
keywords in the first 100 patents). We standardize values to simplify interpretations and compar-

isons of effects. Formally, we estimate the following specification:

Ln(Total firms); = f; - Std(Private value); 4+ 82 - Std(Breakthrough value);

+ B3 - Std(Recombination); + ¢; + ¢; (2)

where ¢ indexes technologies, and we include fixed effects for the decade of a technology’s emergence
(Gi). Column (1) estimates this relationship for all firms, and Columns (2) to (5) do so for: Delaware-
registered (i.e., growth-oriented) versus other firms, and manufacturing versus non-manufacturing
firms. Due to the construction of the dependent variable, the sample in each column is limited to

technologies that have non-zero firm creation of each type.

[Table 7 about here]

We find that firm creation does not correlate strongly with the private value of early patents—a
result which reflects that the independent variable measures investor expectations of value capture
by patent owners rather than spillovers. In contrast, the existence of early “breakthrough” patents
correlates positively with firm creation of all types—with a one standard deviation increase associ-
ated with roughly 35-40% greater entry. This is also the case for the level of recombination, with

a one standard deviation increase related to 20-25% greater entry.

In Panel (B) we consider instead the dispersion of entry across value chain activities and eco-
nomic sectors, using the same outcome measures as in Table 4. We do not observe a strong
correlation between private value or breakthrough value and dispersion in our data. We do observe
recombination leading to lower concentration (higher dispersion), though only statistically signif-
icant for our activity-based measure. Estimates for sector-based concentration are directionally

similar, but smaller in magnitude and not statistically significant.

Taken together, these results reveal several comparative statics relevant to technology selection
in the formulation of entrepreneurial strategy. The first is technologies that depart from recent
trends in patenting but shape the path of future patenting—the Kelly et al. (2021) approach—also
shape the path of future entrepreneurial opportunity. Moreover, the statistical null relationship of
firm creation to private patent value is itself interesting: one might expect the commercial potential

of a technology to be reflected in both high market value to the patent holder and firm creation
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(generating a positive relationship) or that incumbent firms which hold valuable patents may work
to foreclose entry around their technology (generating a negative relationship). The null result may

potentially reflect the intersection of these countervailing forces.

The most striking finding across both panels, in our view, is the relationship between recombi-
nation and firm creation. Technologies with wide and rapid experimentation in their earliest years
generate significantly more new firms, across a wider range of activities. In other words, an early
signal that an innovation is likely to generate a large number of market opportunities, and perhaps
diffuse widely, is to observe it developing with a wide set of distinct varieties, complements, and
applications—the objects that co-occurring, recombinant patent keywords represent. This insight
connects closely with notions of general-purpose technologies (Bresnahan and Trajtenberg 1995),
which have been useful for framing thought but difficult to empirically operationalize. Here we
have an intuitive approach to measuring technological generality as a choice-revealed characteristic
and relating it to firm creation. For the entrepreneur, this blossoming might be observed in the

patent record as a signal of emerging entrepreneurial opportunity.

Finally, we examine whether the level and timing of technology-enabled entrepreneurship can
be predicted by contemporaneous or recent patenting activity. In Table 8, we estimate relationship

between firm creation and patenting at the technology-year level:
Ln(Firms); = 8- Ln(Patents)s + «; + 01 + €i (3)

and
4
Ln(Firms)y = Z Bs - Ln(Patents); —s + o + 0 + €t (4)
s=1
where i and t index technologies and calendar years, and «; and d; are fixed effects. Panel (A)

presents results for Equation (3) and Panel (B) for Equation (4).
[Table 8 about here]

The associations we find are positive and precisely estimated. Across all types of firms (including
manufacturing, non-manufacturing, Delaware, non-Delaware; Columns 1 to 5), we find in Panel (A)
that patenting and firm creation coincide, with a doubling in patents in a given year associated

with 25-30% higher firm creation in that year. Invention and entrepreneurship are, of course,
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co-determined in equilibrium, and the pattern likely reflects the coincidence of technological and
market opportunity. In Panel (B), we find that patenting over the prior two years, and especially
for the prior year, correlates with current (year t) entrepreneurship: a doubling of patents on a
given technology in the prior year is associated with 20-25% higher firm creation of all types in
that technology in the current year, and a doubling two years ago, with 5-10% higher firm creation
in the current year. This result may reflect the same underlying fundamentals as Panel (A), due
to serial correlation in patenting, but it hints at a predictive rubric for assessing imminent changes

in opportunity and a potential structural relationship.

To be clear, Tables 7 and 8 are a prediction exercise and do not estimate or represent causal
relationships. Even so, the evidence presents several new facts on the correlates of technology-
enabled entrepreneurship, such as the elevated level and breadth of entrepreneurial activity around
more technologically-important and general-purpose innovation, and that it tends to coincide in

time and space with technological developments.

6 Implications for Research and Practice

These results collectively reinforce that the universe of technology-related entrepreneurship is
much larger than the subpopulation of innovating startups usually studied by research in strategy
and adjacent fields. In this section we position these firms within strategy research and infer
features that may be informative for managerial practice. Due to data limitations—including lack
of direct measures of firms’ positioning or performance—our approach is primarily abductive, as
we seek to make sense of the evidence of the large population of firms engaged in activities across

technology value chains and examine what its implications are likely to be.

We consider two sets of questions. The first set concerns managerial choices and the strategic
logic of technology-enabled entrepreneurship. When in a technology’s lifecycle do opportunities
emerge? What are potential ways new firms can attack these opportunities, and what challenges
stand in their way? Finally, how does this strategic logic compare to that of innovation-producing
firms? The second set of questions considers how our findings relate to prior research, and whether

extensions to existing intellectual frameworks are needed.
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6.1 Strategy for the technology-enabled entrepreneur

Figure 5 summarizes our conceptualization of technology-enabled entrepreneurship and major
differences in comparison to ecosystem innovators, which we define as inventing firms that create
value through collaborative arrangements with others. We focus on this comparison to improve
precision,harnessing the fact that ecosystem innovators exist symbiotically with technology-enabled
startups—e.g., an innovation-based company like Kodak and small, local photo developers—enabling

a parsimonious analysis of common differences between these two categories.

[Figure 5 about here]

We start by considering the nature of the market opportunity. Ecosystem innovators’ primary
activities are developing and commercializing innovation, and (to the extent possible or necessary)
orchestrating the value chain. In contrast, technology-enabled firms are arms-length participants

in the value chain, often in a localized and/or specialized niche.

Existing research on product lifecycles suggests that opportunities for innovative startups will
tend to be greatest earlier in technology lifecycles, before a dominant design emerges (e.g., Suarez
and Utterback 1995, Klepper 1996). Technology-enabled startups, however, benefit from products
being sufficiently standardized that there is a well-defined value chain. As a result, entrepreneurial
opportunity will tend to be higher later in technology lifecycles, once a technology has matured.
This logic is consistent with Stigler’s (1951) observation that firms in young industries will tend
to be vertically integrated, but that as industries grow, they can increasingly disintegrate—in turn

creating opportunities for other entrants up and downstream.

The potential drivers of long-term advantage are also distinct. Technology-enabled firms can
create value by finding a niche. They may also obtain pricing power through hyper-local natural
monopolies (e.g., in specific neighborhoods) or by serving a specific clientele. Those intending to be
suppliers can be hyperspecialized or have exclusive partnerships with innovation producers—though
the latter also presents risks of holdup. Specialized local market knowledge, local relationships and
reputation, and narrow focus may help these firms outperform on cost. These potential sources of
advantage are reflexively mirrored by ecosystem innovators: common drivers of sustained advantage
are intellectual property over the core technology, ownership over the means of production and/or its
efficient use, economies of scope and scale, and bargaining power vis-a-vis the rest of the technology-

supporting ecosystem, due to its unique position at the center.
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Common challenges facing technology-enabled firms are typically structural. Limited ownership
of proprietary assets, low entry barriers, labor intensity, and difficulty scaling can all put pressure
on profitability. Local small business categories like equipment rental or installation, for example,
can be heavily competed. Innovating firms, on the other hand, are exposed by their dependence on
a wider technology-enabled ecosystem with local market knowledge and reach, particularly because
penetrating hyperlocal markets often requires assets or activities which are sufficiently incongruent

with innovation producers’ core business to pursue directly.

The bottom of our table provides examples of firms of each type which we find in our data.
Print and copy equipment manufacturers interdepend with hundreds (or thousands) of business
service centers, auto manufacturers interdepend with thousands of dealers and tens of thousands
of mechanics, HVAC equipment-makers interdepend with thousands of heating and cooling instal-
lation and repair services, and so on. One of the more salient differences between the innovative,
technology-producing firms in this list and their technology-enabled counterparts is in their returns
to scale: whereas technology-producing firms may have increasing—or only slowly decreasing—
returns to scale, technology-enabled firms are more likely to have rapidly diminishing returns. This
has more fundamental implications for industry structure and is a reason why firms may remain

small and specialized, and why competition may proliferate.

More broadly, these examples can help us better understand the roles technology-enabled firms
play in the high-tech economy. Though the set of such firms is large and heterogeneous, there are a
few canonical categories. One is firms which support the diffusion of new technology through rental
markets: firms like copy centers, video rental stores, Internet cafes, or 3D printers make indivisible
capital divisible, acquiring high fixed cost technology and exploiting knowledge of local demand to
find a market and rent to local consumers. Equipment dealers (like auto dealers) represent a related
but distinct category: exclusive distributors of specific technologies. Repair services are another,
and their availability influences the rate at which capital depreciates. Each of these functions can
be modeled formally—such that there are specific, natural ways to incorporate technology-enabled

entrepreneurship into research on the impacts of innovation.

6.2 Extensions to existing models and frameworks

The evidence of a large entrepreneurial economy around new technologies has bearing on mul-
tiple literatures in strategic management and opens the door to several new questions. In Figure 6

we examine implications for high-tech industries broadly (top) and for technology-enabled startups

24



(left) and innovation-driven startups (right) specifically.

[Figure 6 about here]

The evidence adds first to the classical industry studies literature, which typically focuses on
entry and competition among technology producers alone (e.g., Gort and Klepper 1982, Klepper
and Graddy 1990, Klepper 1996, Agarwal and Gort 1996). Our work expands this analysis to
technology-related firm creation in other sectors—a population of firms which is an order of mag-
nitude larger and serves complementary market functions. Considering the traditional industry
evolution paradigm in isolation, one may conclude that the entrepreneurial opportunities around
a technological innovation plateau as a technology matures. Our work highlights that many en-
trepreneurial opportunities can persist into (or even emerge in) the later stages of the technology
lifecycle, including after the shakeout of producers—and on average the nature of these opportuni-

ties migrate downstream, from manufacturing to maintenance.

Our evidence also links to research in entrepreneurial strategy, which seeks to understand how
new firms can identify and exploit new opportunities to create and capture value, and why some
new firms do so better than others. These opportunities are often thought to be found in the
introduction of new technology—yet the more “workaday” technology-enabled businesses engaged
in distributing, installing, and maintaining these technologies can also be profitable, as we have
previously noted. Whereas entrepreneurial strategy research proposes entrepreneurs “choose their
technology” (Gans et al. 2021) before making new investments, our evidence suggests entrepreneurs
might also consider first “choosing their activity” (a target position in the value chain). Indeed,
these same entrepreneurs may later find themselves pivoting around that activity as technologies

cycle, whereas those which choose technologies may obsolesce.

The evidence of a large population of innovation-supporting startups inevitably implicates inno-
vation producers themselves, reinforcing the value to the innovator of having an ecosystems strategy,
as well as the value of ecosystems as a construct and unit of analysis in strategic management (Adner
2006, Adner and Kapoor 2010). However, whereas existing literature largely characterizes innova-
tion ecosystems as a collection of intentional actors undertaking coordinated investments—Adner
(2017, p. 39) defines ecosystems as “the alignment structure of a multilateral set of partners”—the
ecosystem we document in this paper comprises a much broader collection of firms, most of which

have no relationship (formal or informal) to the innovation producer nor to each other. These firms
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can play a crucial role in enhancing the value of the innovation itself, thus suggesting a broader
conceptualization of “arms-length ecosystems” and a broadening of ecosystems strategy to consider
the innovation-supporting economy. The evidence that specific complementors become more or less
common at different stages of a technology’s lifecycle also suggests ecosystems strategy may need

to be dynamically adjusted over time, as technologies mature.

The implications of technology-enabled entrepreneurship potentially extend further. Scholar-
ship in the management and economics of innovation considers how firms can profit from innovation
(e.g., Teece 1986), and the role of innovation in propelling industrial change and economic growth
(Schumpeter 1942, Aghion and Howitt 1992). The size of the technology-supporting economy, and
the wide range of firms that comprise it, suggest new possibilities for these lines of work. One is
extending the Teecian paradigm to consider not only how firms may profit from their own innova-
tion, but also how they may profit from other firms’ innovation, especially up and downstream of
the innovation itself. Another is in studying Schumpeterian growth: although the Schumpeterian
paradigm traditionally emphasizes innovative entrepreneurs as engines of “creative destruction,” our
evidence suggests there is a second entrepreneurial economy supporting the productive use of new
technology that innovative startups create. These firms are the “nuts and bolts” of the high-tech
economy—what Russell and Vinsel (2018) dub “maintainers”—and without them, Schumpeterian
growth might be impossible altogether. With its focus on innovative startups, prior work may thus

be underestimating the economic impact of entrepreneurship.

7 Concluding Remarks

The opportunities, challenges, and impacts of innovation are the subject of decades of scholar-
ship in strategic management and other fields. Despite this attention, there has been little broad,
systematic evaluation of the diverse ways innovation affects the entry of new firms, the characteris-
tics of these firms, and the technological features that predict entry. Using 860 major technologies
identified through patent data, linked to a century of firm creation via firm names, we character-
ize the level, composition, and dynamics of what we label “technology-enabled entrepreneurship”.
Many firms (1-2% of newly-registered U.S. businesses) are explicitly linked to technologies in our
sample, and most are non-manufacturing and low growth-intentioned—representing a large econ-
omy of small businesses pursuing opportunities around the creation, diffusion, and maintenance of
these technologies. We then document patterns in the entrepreneurial lifecycle, finding that startup

activity grows increasingly diverse as technologies mature, and show that the level and variety of
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firm creation can be predicted from technologies’ early features.

Our results complement existing research in several literatures, including industry evolution,
entrepreneurial strategy, and innovation management. At its essence, the core findings of this paper
are that entrepreneurial dynamics and industry dynamics are distinct phenomena, and the nature of
entrepreneurial opportunity can change as technologies, and industries, evolve. Our results suggest
that by focusing on the creators and manufacturers of new products, existing research on industry
dynamics may be missing a significant fraction of the market opportunity that innovation engenders
over time. The evidence of this “hidden economy” of technology-enabled entrepreneurship points

to substantial opportunities for future research in strategy and beyond.

Several of these questions were enumerated earlier. First, there is the competitive strategy
lens: how structurally attractive is technology-enabled entrepreneurship, what makes some firms
more profitable than others, and what new conceptual tools (if any) are needed to create and
sustain successful technology-enabled businesses? There is also the ecosystems frame: how do these
firms relate to innovating firms—and what is the role of this broader, arms-length, economy-wide
ecosystem in comparison to the narrow set of firms which collaborate with innovation producers?
The Teecian view leads us to consider the possibility of profiting from others’ technology, and ask:
how do new firms establish advantaged positions in these complementary markets? And as we have
noted, the implications potentially roll up to aggregate outcomes, as we ponder the role of these
often-overlooked small businesses in providing a crucial bridge between innovation and its use in

production: what role do they play in the process of economic growth?

The limitations of our work also leave open important questions. For example, we lack financial
performance data to evaluate the profitability of the firms in our sample, and to examine sources of
performance differences within and across segments or over time. We similarly lack survival data to
examine determinants of survival or characterize net entry. These, and more, remain opportunities
for future work. Yet the audience for research on technology-enabled entrepreneurship is large, and
includes scholars, managers, and policymakers. We will thus end by encouraging future research—

including our own—to continue to engage with these questions.
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Share of registrations (x100K)

Figure 1: Diffusion of example technologies into new firm names
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Notes: Figure illustrates entrepreneurial lifecycles for individual technologies,
as measured via firm names, for technologies developed before 1950 (Panel
A) and after (Panel B). Vertical axis measures the technology’s share of busi-
ness registrations in a given year. The dotted line in each subfigure marks
the technology’s emergence year, defined as the earliest year after which the
technology had at least 10 cumulative firm registrations and >10% average
growth in registrations over the next five years. Lifecycles plotted using local

polynomial smoothing. See text for further details.
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Share of registrations

Figure 2: Sector composition of new firms created around example technologies
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Notes: Figure shows sectoral composition of new business registrations associated with
specific technologies, over time, for technologies developed before 1950 (Panel A) and
after (Panel B). Each subfigure restricts to technology-years with at least 10 associated
registrations, and for presentation purposes restricts to years for which a continuous
time series can be constructed without gaps (i.e., the series begins in the year after
which the technology always has at least 10 associated firms).
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Figure 3: Focal technology-related firm share of U.S. business registrations, 1900-2000
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Notes: Figure plots the share of U.S. business registrations over time related
to the technologies in our sample, as measured via firm names. We separately
report firms registered in Delaware (DE) versus other jurisdictions, and which
we measure as manufacturing-related versus in other sectors. See text for
further discussion and interpretation of these measures.

Figure 4: Firm creation and patenting in individual technologies
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Notes: Figure shows a binned scatterplot of the number of patents (hor-
izontal axis) and number of associated business registrations (vertical
axis), as measured via firm names. Scatterplot shown by firm type (all,
manufacturing, non-manufacturing, Delaware (DE) registered, non-DE
registered) and residualized by invention decade.
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Figure 5: Two entrepreneurial paths to profiting from an innovation

Technology-Enabled Firms

Ecosystem Innovators

Often includes: local firms, small businesses

Primary Activity

Often includes: high-growth, innovation-driven startups

Primary Activity

Arms-length participation in a innovation’s value chain, often
in a local or specialized niche.

Timing of Opportunity

Developing innovation and orchestrating its value chain.

Timing of Opportunity

Technology is sufficiently mature for production and use.

Potential Drivers of Long-Term Advantage

A technology’s dominant design has yet to emerge.

Potential Drivers of Long-Term Advantage

Price:
Location and local market power
Niche specialization in complementary activity
Exclusive relationship with the innovator

Cost:
Focused, efficient activity system
Specialized/local market knowledge
Local relationships and reputation

Potential Challenges

Price:
Ownership of unique intellectual property
Distinctive R&D and manufacturing capabilities
Bargaining power over downstream partners

Cost:
Efficiencies in production/manufacturing
Economies of scale and scope
Bargaining power against suppliers

Potential Challenges

Can be difficult to capture value, due to limited IP, low entry
barriers, labor intensity, or difficulty scaling.

Example Industries

Dependence on tech-enabled ecosystem due to reach,
requisite local market knowledge, incongruence.

Example Businesses

Print & copy centers (technology rental)
Auto dealers, mechanics (distribution, maintenance)
Heating & cooling services (installation, repair)

Xerox, Canon, Konica Minolta, etc. (copy machines)
Ford, Volkswagen, etc. (automobiles)
Carrier, Trane, etc. (HVAC equipment)

Figure 6: Extensions to existing frameworks & new insights

High-tech Industries

Extensions to the industry studies literature:

e Opportunities beyond the core mfg. sector
e Evolution of opportunity over the lifecycle

Key insight:

Entrepreneurial opportunity persists and evolves
in the later stages of the technology lifecycle

Technology-Enabled Firms

Ecosystem Innovators

Extensions to entrepreneurial strategy:

o Technology-first entrepreneurial strategy:
choose technology and then your activity

e Activity-first entrepreneurial strategy:
choose your activity, then your technology

Key insight:
“Choose your technology” entrepreneurial strategies are
not only for innovator but also others in the value chain

Extensions to ecosystems strategy:

e Arms-length ecosystems: the economy

e Dynamics of ecosystems: specific types of
complementors become more or less
important over the technology lifecycle

Key insight:
Innovators’ ecosystem strategy must be dynamic and
prepared to adapt across technology lifecycles
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Table 2: Summary statistics at the technology level

Variable N Mean P10 P25 P50 P75 P90 Max
Patents 860 2919 151 281 909 1653 4915 161347
Firms 658 1040 2 3 19 64 673 98530
Share Delaware jurisdiction 658 0.09 0.00 0.00 0.02 0.08 0.25 1.00
Share non-Delaware jurisdiction 658 091 0.75 0.87 0.98 1.00 1.00 1.00
Share manufacturing 625 0.17 0.04 0.06 0.13 0.19 0.33 0.91
Share non-manufacturing 625 0.83 0.67 0.76 087 0.92 0.96 1.00

Notes: Table shows summary statistics for technologies in our sample (each measured through 2009).

Table 3: Example technologies’ maximum
share of business registrations (x1000)

Panel A. Early technologies (pre-1950) Panel B. More recent technologies

Variable Max share Variable Max share
AIRCRAFT 3.3 HVAC 0.2
AUTOMOTIVE 2.3 INTERNET 1.7
COMPUTER 5.8 SEMICONDUCTOR 0.1
ELECTRONIC 4.0 SOFTWARE 2.8
RADIO 4.6

TELEVISION 4.7

Notes: Table lists ten example technologies and their peak share of new busi-
ness registrations in our data.

Table 4: Dispersion of entrepreneurial activity across the technology lifecycle

Activity Sector
(1) (2) 3) (4) (5) (6)
Top 1 HHI C.V. Top 1 HHI C.V.
11-20 years into lifecycle -0.058 -0.059 -0.112 -0.011 -0.011 -0.025
(0.014) (0.016) (0.030) (0.005) (0.005) (0.012)
21-30 years into lifecycle -0.075 -0.072 -0.143 -0.026 -0.023 -0.059
(0.019) (0.023) (0.043) (0.006) (0.005) (0.013)
31-40 years into lifecycle -0.108 -0.110 -0.213 -0.031 -0.030 -0.068
(0.025) (0.031) (0.058) (0.007) (0.006) (0.015)
41-50 years into lifecycle -0.135 -0.140 -0.273 -0.035 -0.032 -0.078
(0.032) (0.039) (0.073) (0.008) (0.007) (0.018)
51-60 years into lifecycle -0.174 -0.183 -0.355 -0.038 -0.033 -0.086
(0.038) (0.046) (0.087) (0.009) (0.008) (0.021)
61+ years into lifecycle -0.215 -0.242 -0.459 -0.044 -0.036 -0.096
(0.048) (0.058) (0.111) (0.011) (0.009) (0.025)
N 4348 4348 4348 12308 12308 12308
R? 0.32 0.39 0.39 0.54 0.51 0.56
Token FEs Y Y Y Y Y Y
Year FEs Y Y Y Y Y Y
Y mean 0.88 0.84 1.96 0.58 0.48 0.73

Notes: Table estimates changes in the dispersion of firm creation across economic sectors or the value chain over
time. Dispersion measures are (i) the top activity /sector share (“Top 1”7; Columns 1 and 4), the activity/sector
HHI (“HHI”; Columns 2 and 5), and the coefficient of variation (“C.V.”—in essence, the standard deviation of
activity /sector shares; Columns 3 and 6). SEs clustered by technology in parentheses.
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Table 5: Changing nature of entrepreneurial entry across the technology lifecycle

Panel A. Economic sectors

Number of firms into lifecycle

(1) (2) (3) (4) (5) (6)
Sector 1-100  101-200  201-500 501-1000 1001-2000 2001+
Manufacturing 1.00  0.94 0.83 0.75 0.68 0.39
Services 100 1.00 1.01 1.02 1.05 1.25
All other 100 1.02 1.07 1.09 1.09 1.06

Panel B. Value chain activities
Number of firms into lifecycle

(1) (2) (3) (4) (5) (6)
Activity 1-100  101-200 201-500 501-1000 1001-2000 2001+
Research 1.00 0.64 0.37 0.42 0.36 0.19
Manufacturing  1.00 0.92 0.73 0.73 0.51 0.27
Sales 1.00 1.14 1.39 1.88 1.68 1.27
Distribution 1.00 1.22 1.09 1.65 1.35 1.72
Service 1.00 1.36 1.69 1.80 1.68 1.99

Panel C. Specific paired words
Number of firms into lifecycle

(1) (2) (3) (4) (5) (6)
Paired word 1-100  101-200 201-500 501-1000 1001-2000 2001+
Industry 1.00 0.80 0.50 0.53 0.46 0.27
Manufacturing  1.00 0.96 0.73 0.72 0.53 0.27
Engineering 1.00 0.96 0.68 0.53 0.58 0.47
Research 1.00 0.63 0.37 0.42 0.36 0.19
Development 1.00 0.58 0.55 0.63 0.57 0.68
Product 1.00 0.65 0.64 0.50 0.52 0.36
Maintenance 1.00 0.90 1.21 0.94 1.11 1.67
Part 1.00 2.55 3.58 5.03 8.07 6.13
Service 1.00 1.30 1.57 1.59 1.55 1.82
Equipment 1.00 1.11 1.69 1.62 1.24 0.80
Supply 1.00 1.07 1.29 1.73 1.64 1.01

Notes: Table evaluates changes in the relative frequency of firm creation by economic
sector (Panel A), activity (Panel B), and specific paired words in firm names (Panel
C). To produce this table, we identify firms in the first 1-100, 101-200, etc. firms of
a given technology’s lifecycle. We then aggregate these to measure the share of all
“first 100” firms which are associated with each sector or activity, as measured via
firm names. To ease interpretation we then index these shares to that of the first
100 firms, which is therefore always equal to one and provides a reference point to
compare against as firm creation changes over time.
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Table 6: Upstream to downstream industry evolution

Activity Sector
(1) ) () (4)
Manuf. Services Manuf. Services
11-20 years into lifecycle -0.026 0.043 -0.010 0.009
(0.032) (0.044) (0.005) (0.005)
21-30 years into lifecycle -0.083 0.122 -0.013 0.024
(0.035) (0.047) (0.005) (0.006)
31-40 years into lifecycle -0.094 0.112 -0.022 0.027
(0.035) (0.052) (0.006) (0.007)
41-50 years into lifecycle -0.122 0.166 -0.028 0.035
(0.035) (0.057) (0.007) (0.008)
51-60 years into lifecycle -0.137 0.149 -0.028 0.038
(0.039) (0.064) (0.009) (0.010)
61+ years into lifecycle -0.154 0.166 -0.034 0.048
(0.041) (0.069) (0.010) (0.012)
N 4348 4348 12308 12308
R? 0.33 0.44 0.76 0.69
Token FEs Y Y Y Y
Year FEs Y Y Y Y
Y mean 0.07 0.69 0.19 0.35

Notes: Table estimates changes in the share of firm creation across value chain
activities and economic sectors, comparing manufacturing and services. SEs
clustered by technology in parentheses.
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Table 7: Firm creation and the dispersion of activity in relation to innovation characteristics

Panel A: Level of firm creation

By form By sector
(1) (2) 3) (1) (5)
All DE Non-DE = Manuf. Other
Std(Max value of first 100 patents) 0.004 0.037 0.010 0.030 0.045
(0.086)  (0.085)  (0.092)  (0.094)  (0.089)
Std(Max breakthru in first 100 patents) 0.374 0.290 0.374 0.325 0.344
(0.129)  (0.161)  (0.129)  (0.133)  (0.138)
Std(Combinations in first 100 patents) 0.250 0.233 0.252 0.356 0.273
(0.097)  (0.104)  (0.097)  (0.111)  (0.102)
N 615 337 611 583 584
R? 0.09 0.10 0.09 0.12 0.09
Decade FEs Y Y Y Y Y
Panel B: Dispersion of firm creation
Activity Sector
v oo@  ® @ 6
Top 1 HHI C.V. Top 1 HHI C.V.
Std(Max value of first 100 patents) -0.000 0.005 0.011 0.007 0.006 0.018
(0.014)  (0.016)  (0.029)  (0.007)  (0.007)  (0.016)
Std(Max breakthru in first 100 patents) -0.012 -0.019 -0.033 -0.007 -0.005 -0.008
(0.012)  (0.014)  (0.026)  (0.006)  (0.005)  (0.013)
Std(Combinations in first 100 patents) -0.028 -0.036 -0.068 -0.007 -0.007 -0.019
(0.012)  (0.014)  (0.027)  (0.005)  (0.004)  (0.012)
N 337 337 337 584 584 584
R? 0.10 0.11 0.11 0.02 0.03 0.03
Decade FEs Y Y Y Y Y Y

Notes: Panel (A) estimates the relationship between total firm creation in a given technology and charac-
teristics of its first 100 patents. Column (1) measures all firms; Column (2) and (3), manufacturing and
non-manufacturing firms; and Columns (4) and (5), Delaware jurisdiction vs. other firms. Panel (B) estimates
differences in the dispersion of firm creation in a given technology as a function of the characteristics of its
first 100 patents. Dispersion measures are (i) the top activity/sector share (“Top 17; Columns 1 and 4),
the activity/sector HHI (“HHI”; Columns 2 and 5), and the coefficient of variation (“C.V.”—in essence, the
standard deviation of activity/sector shares; Columns 3 and 6). Robust SEs in parentheses.
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Table 8: Annual firm creation as a function of current and recent patenting

Panel A: Current patenting

By form By sector
(1) (2) (3) (4) (5)
All DE Non-DE  Manuf. Other
Ln(Patents), 0.290 0.229 0.296 0.320 0.301
(0.039) (0.051) (0.040) (0.041) (0.041)
N 12153 3297 11793 11153 11231
R? 0.82 0.71 0.83 0.76 0.83
Token FEs Y Y Y Y Y
Year FEs Y Y Y Y Y
Y mean 1.61 1.21 1.59 -0.39 1.44

Panel B: Recent patenting

By form By sector
(1) (2) 3) (4) (5)
All DE Non-DE  Manuf. Other
Ln(Patents), , 0.214 0.182 0.217 0.267 0.233
(0.033) (0.066) (0.033) (0.038) (0.035)
Ln(Patents), , 0.092 0.045 0.088 0.068 0.084
(0.021) (0.054) (0.021) (0.029) (0.022)
Ln(Patents), _, -0.001 0.049 -0.007 0.024 -0.007
(0.019) (0.047) (0.019) (0.031) (0.021)
Ln(Patents), , 0.004 -0.029 0.016 -0.028 0.011
(0.026) (0.056) (0.025) (0.035) (0.027)
N 11251 3125 10927 10366 10419
R? 0.84 0.73 0.84 0.77 0.85
Token FEs Y Y Y Y Y
Year FEs Y Y Y Y Y
Y mean 1.65 1.23 1.63 -0.33 1.47

Notes: Panel (A) estimates relationship between annual firm creation and patenting in a given
technology, and Panel (B) the relationship between annual firm creation and recent patenting.
Observations in both panels are at the technology-year level. Column (1) measures all firms;
Column (2) and (3), manufacturing and non-manufacturing firms; and Columns (4) and (5),
Delaware jurisdiction vs. other firms. SEs clustered by technology in parentheses.
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A Sector Classification Method

In this appendix, we describe our sector classification procedure in detail, and provide supple-
mentary validation results to those in the body of the paper. Portions of this section may reproduce
passages in the paper, adding detail and context. We begin as follows.

Let ¢ index firms, j tokens, s sectors. Each firm ¢ has J; tokens in its name, and there are J
unique tokens in the corpus. Let 7;, represent a token-sector score, which will be defined below as
the fraction of token j’s total occurrences that are in each sector s. ;s will represent a firm-sector
score, which will be an average of 7;, across all J; tokens in firm ¢’s name. 7;, and ¢;s will thus
measure each token or firm’s association with each of §=10 sectors. To aid the exposition below,
let n;s represent the number of times token j is in the name of firms in sector s, and N, J:ZQI Njs
represent the number of firms in which token j appears overall.

A.1 Measuring token-sector scores

We first undertake several steps to prepare the D&B data for training and validating our
classification procedure. We begin by cleaning firm names of stop words, special characters, tokens
of length <2, and all-numeric tokens. We then split out the tokens in firm names, and reshape
the firm-level data to a token-level dataset, with one observation per firm-token. Because the
D&B company name field is fixed in width, words in firm names are sometimes abbreviated. We
thus extend our data cleaning effort by creating an extensive, part-manual and part-automated
crosswalk from tokens which appear to be abbreviations or minor misspellings to full words. A
total of roughly 65,000 abbreviated tokens get crosswalked to full words through this approach. For
example, “IMPRVMNT” is updated to “IMPROVEMENT”, and “PIZZARIA” to “PIZZERIA”.
We believe these changes ultimately increase the fidelity of our data to the underlying economic
reality and will improve the quality of our sector classification. A total of 65,000 unique tokens in
the D&B 1990 sample are revised through these methods, out of roughly 10 times as many tokens
in the data. The three most common words in this sample are “SERVICE”, “CONSTRUCTION",
and “SHOP”—words which are (seemingly) immediately revealing of the sector that a firm with
those words is in, and illustrate the face validity of our proposed approach.

We take two approaches to further reducing (or not) the set of tokens which we will use to
predict firms’ economic sector. In the first variant, we deploy this set of tokens as is. In our second
variant, we remove additional stop words, excluding those which are not an English-language word
but are any of (i) a word in a U.S. state name, (ii) a word in a U.S. city name, (iii) a common
given name, or (iv) a common surname.! We exclude these tokens because we think they are
both frequently occurring in firm names, due to geographic specialization or eponymy, and because
they are sector-agnostic and thus may obscure our sectoral predictions. The resulting dataset has
firm-tokens and their associated sector, obtained from each firm’s D&B-reported SIC code.

We then measure 75 as sector s’s share of all uses of token j: 7j, = T;,—Jj Although we experi-

mented with other approaches to scoring tokens’ associations with each sector, we found that this

1Our sample of given names consists of the union of the 1,000 most common baby names for birth years 1880 to 2009,
according to the Social Security Administration, obtained from https://github.com/hadley/data-baby-names. Our
sample of surnames consists of all surnames which appeared >100 times in the 2010 census, obtained from https:
//www.census.gov /topics/population/genealogy/data/2010_surnames.html. In addition to excluding these names,
we also exclude variants of these names plus the letter ‘S’, to account for the sizable number of businesses named in
the possessive (e.g., “MIKE’S FOOD & SPIRITS” or “DAVE’S FRESH PASTA”).


https://github.com/hadley/data-baby-names
https://www.census.gov/topics/population/genealogy/data/2010_surnames.html
https://www.census.gov/topics/population/genealogy/data/2010_surnames.html

simple approach outperformed others across many validation tests.? By construction, each token’s
sector-level scores 7j; will add to 1 when summed across sectors.

A.2 Measuring firm-sector scores

To get from token-sector scores to firm-sector scores (our target output), we need to aggregate
across tokens in firm names—reducing the dimensionality of each firm ¢ from J; x 10 to 10. We
experimented with two approaches: straight averages and weighted averages, weighting by (the
square root of) a token’s total usage. This latter approach will overweight more-common words,
whose sector associations we might measure more precisely. Formally, these two approaches to
measuring the firm-sector score ;s can be characterized as follows:

J;
Approach 1: uwtd — % > ii1 Tjs
. _ 1 J;
Approach 2: cpfgtd—iz;,il N ) i1 VN Tys

To illustrate, suppose there are two tokens (A and B) and two sectors (1 and 2). To make this
example concrete, let us specifically imagine a firm with the name “Master Plumbing”, and that
there are two sectors, Construction and Retail Trade. We don’t ex-ante know what sector the firm
is in. It might be a construction contractor. It might be a plumbing fixture store. But the words
in its name give us clues—especially when we can gauge how often these words associate with each
of these sectors in our training data. For this example, let us denote “Master” and “Plumbing” as
tokens A and B, and Construction and Retail Trade as sectors 1 and 2.

Suppose that in our training sample, token A (“Master”) is used in 225 firm names, and appears
50% of the time in sector 1 (Construction) and 50% in sector 2 (Retail Trade). Token B (“Plumb-
ing”), on the other hand, is in 25 firm names, and appears 90% of the time in sector 1 and 10%
in sector 2. Table A.1 provides the computed sector scores under each of these two approaches. In
practice, we find that the simpler aggregation method (unweighted averages) better predicts the
true distribution, which makes this our preferred approach.

Table A.1: Firm-sector scores for “Master Plumbing” (contrived example)

Sector 1 Sector 2
Approach 1: 0.540.9 o
Unweighted pin = 2202 = 0.7 pin = 23101 _ 3
Approach 1 = YEBL5EVIR0.9 _ 6 o VA35054V3E01 _ gy
Weighted Pit = V2254+/25 =y Pi2 = NN L

For a real example from our data, consider the firm “Anderson Home Appliances”, whose words
can be fractionally classified across each of the original 10 economic sectors. In our data, these
words associate with sectors as shown in Table A.2 (where only the top five sectors are shown),
leading to the firm-level scores shown in the last row of the table. Our procedure predicts Retail
Trade and Services as equally likely sectors. The actual primary sector reported for this firm in

2 An alternative approach we explored was to square these shares, to overweight high token-sector associations. Doing
so, however, reduced the rate at which we correctly predicted firms’ actual sector.



the D&B data is Services, and the secondary sector reported in D&B is Retail Trade—though we
might infer that Anderson Home Appliances is related to Construction too.

Table A.2: Firm-sector scores for “Anderson Home Appliances” (true example)

Token-sector scores and cross-token averages

Word Agriculture  Construction Fin./Ins./RE  Retail Trade Services
Anderson 8% 17% 10% 14% 34%
Home 0% 20% 10% 17% 48%
Appliances 0% 2% 0% 1% 21%
Average 3% 13% 7% 34% 34%

A.3 Validating our procedure

We validate this sector classification procedure in several ways. We begin by validating within
our D&B test sample, where we can classify firms into sectors and compare our predictions to what
is reported in the data. We focus our validation evidence on our more restrictive variant, where we
remove place and person names from firm names before classifying sectors.

Figure A.1 begins with a high level view, aggregating sector shares across the sample and show-
ing the overall frequency of firms in each of our 10 sectors as observed (left panel) and as predicted
(right panel). The distributions line up closely, though we slightly overpredict Services and slightly
underpredict Wholesale Trade. Table A.3 provides a more nuanced view of our predictive validity,
showing, for each sector (first column), how often firms predicted to be in that sector are in fact
reported by D&B to be in that sector (second column), as well as how often in each such case our
second-most likely prediction is the D&B-reported sector (third column). The final column shows
the sum: the probability that one of the top two predicted sectors is the reported sector. Across
all predicted sectors, we match D&B 70 to 90% of the time with our top one or two predictions.
We consider these rates to be high, particularly as we do not expect to match D&B 100% of the
time, given that many firms span boundaries between sectors.



Figure A.1: Predicted vs. actual distribution of firms across sectors in D&B testing sample
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Notes: Figure shows the predicted and actual distribution of sectors in our D&B test sample,
using the sector classification algorithm described in the paper.

Table A.3: Sector classification algorithm: Predictive performance, by sector

Fraction of firms where:

Predicted sector Prediction correct Runner-up prediction correct Total
Agriculture, Forestry, & Fishing 78% 9% 87%
Construction 84% ™% 91%
Finance, Insurance, & Real Estate 82% 8% 90%
Manufacturing 67% 15% 82%
Mining 58% 13% 1%
Public Administration 81% 9% 91%
Retail Trade 73% 13% 86%
Services 66% 16% 83%
Transportation & Public Utilities 84% 6% 91%
Wholesale Trade 57% 21% 8%
Overall 1% 14% 85%

Notes: Table shows, for each sector (first column), how often firms predicted to be in that sector
(i.e., whose top predicted sector is that shown in the left column) are in fact reported by D&B to
be in that sector (second column), as well as how often in each such case our second-most likely
prediction is the D&B-reported sector (third column).

In Table A.4, we break these patterns down even further. Here we document, for each top-
predicted sector (left column), the fraction of firms with that prediction that are reported by D&B
in each of our 10 sectors. The first features of this table to observe is that the mass is overwhelmingly
concentrated along the diagonal (which reproduces Column 2 of Table A.3). In addition, the table
also illustrates the sectors that are likely to be jointly present—or incorrectly classified, depending
on interpretation. Firms which we predict to be in Wholesale Trade (row 10), for example, are 18%
of the time actually reported as being in Retail Trade—illustrating that firms may sometimes be a

bit of each sector, and the occasional challenging of distinguishing the two.



Table A.4: Sector classification algorithm performance: Predicted vs. actual sector

When top predicted sector is... Pr(Actual sector is...)

Sector Description (1) (2) (3) (4) (5) (6) (7) (8) (9) (10
1 Agriculture, Forestry, & Fishing 8% 2% 2% 1% 0% 0% ™% 5% 1% 4%
2 Construction 1% 84% 1% 3% 1% 0% 3% 4% 1% 3%
3 Finance, Insurance, & Real Estate 1% 4% 82% 1% 0% 0% 3% 7% 1% 2%
4 Manufacturing 1% 4% 1% 67% 0% 0% ™% 9% 1% 11%
5 Mining 1% 4% 4% 4% 58% 0% 9% 6% 3% 12%
6 Public Administration 1% 1% 4% 1% 0% 81% 2% 6% 3% 2%
7 Retail Trade 2% 2% 2% 5% 0% 0% 3% 9% 1% %
8 Services 2% 4% 4% 4% 0% 1% 1% 66% 2% 5%
9 Transportation & Public Utilities 1% 2% 1% 1% 0% 0% 3% 5% 84% 2%
10 Wholesale Trade 2% 3% 1% 8% 2% 0% 8% % 2% 5%

Notes: Table shows, for each sector, how often firms predicted to be in that sector (i.e., whose top predicted
sector is that shown in the left column) are fact reported by D&B to be in each of the ten sectors. The diagonal
reproduces the rates from the second column of Table A.3.

As another check, we make all unique pairs of sectors, and for each pair, we filter to firms
whose reported sector is one of the two and use receiver-operating characteristic (ROC) analysis
to evaluate for how many firms the more probable sector is the reported one. Figure A.2 plots the
distribution of ROC scores among these pairs. The scores are near one, indicating that in each of

these two-sector horseraces, we nearly always predict the D&B-reported sector.
Figure A.2: Distribution of ROC scores for prediction in sector pairs in D&B testing sample
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Notes: Figure shows distribution of ROC scores over sector pairs, evaluating
across our test sample how often the more-predicted sector in each pair is the
firm’s reported sector, conditional on one of the two sectors in the pair being
the true sector. With 10 sectors, the distribution in this figure is over 22:1 s
pairs. In the vast majority of these pairings, our algorithm predicts a firm’s true
sector over the alternative >95% of the time.

In additional validation tests, we examine the stability of this performance across time, for
firms with different D&B-reported founding years, and we find that our procedure’s performance
is stable in both the rate at which its predictions match D&B-reported sectors, and in the fraction
of firms that get classified to a sector (Figure A.3). We also perform validation tests against an

independent third sample of firms in the Infogroup USA 2000 data extract. The performance of



our procedure in this sample is similar to that in our D&B test sample, suggesting that the results

above are not driven by distinctive shared features of the D&B training and test samples.

Figure A.3: Precision of sector predictions vs. rate of prediction in D&B testing sample

Panel (A): Panel (B):
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Notes: The top chart in each panel shows how precision and recall rates vary over time (across firm
registration decade) in the D&B testing sample. Bottom panel shows the distribution of firms in this
sample across decades. Aggregate precision and recall is a weighted average of those in the upper
scatterplots, weighted by the density in the lower histograms.

A.4 Classifying the business registration sample

Our final step is to classify firms in our business registration data to economic sectors. We
clean firm names by the same approach applied to D&B firms in Section A.1, up to expanding
abbreviations and correcting minor misspellings, and again remove place and person names that
are not English-language words. We then apply the token-sector scores calculated in Section A.1
to these firms’ names, and aggregate to the firm level following Section A.2. The resulting dataset
has sector scores for each registered firm, across each of ten economic sectors (Agriculture to
Wholesale Trade). Recall that these scores will add to one, and can alternatively be interpreted
as the probability that a firm is in a given sector, or the firm’s fractional association with that

sector—which allows firms to span sectoral boundaries, as many firms do in practice.

This classification nevertheless bears limitations. One is that some words in the set of firm
names in the registration sample may not be present in the Dun & Bradstreet sample, and thus
will be unable to be scored. Due to this, as well as the removal of stop words, some firms in the
registration data may not be able to have their sector predicted. We are reassured, however, by
the fact that even under our more restrictive sector classification procedure, we classify 90% of
firms—and this rate is stable over time. We believe this is high enough to generate useful measures

of the sectoral distribution of U.S. entrepreneurship over long periods.



B Validating name-based firm measures

Figure B.1: Comparison of SCP-derived entrepreneurial lifecycles
to Klepper and Graddy (1990) product lifecycles for select products
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Notes: Figure shows the smoothed rate of firm creation (across all sectors) in select products studied
by Klepper and Graddy (1990)—who previously identified periods of growth, contraction (shakeout),
and stability in the number of manufacturing firms active in each of 46 product categories. We link our
business registration data to these products via a manually-curated set of words which we search for in
firm names, and focus our analysis here on eight technologies which appear in enough firm names to
be able to measure their lifecycles in our data. Each subfigure shows up to three vertical, dashed lines:
the first line marks the beginning of Klepper and Graddy Stage 1 (takeoff); if present, the second line
marks the start of Stage 2 (shakeout); and if present, the third line marks the start of Stage 3 (stability).
Lifecycles plotted using local polynomial smoothing.
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C Swupplementary Results

The following tables reproduce Tables 4 to 8 of the paper, limiting our technology sample to
only nouns. The results are quantitatively and statistically similar.

Table C.1: Dispersion of entrepreneurial activity across the technology lifecycle
robustness check: excluding non-nouns from the technology sample

Activity Sector
(1) (2) 3) (4) (5) (©)
Top 1 HHI C.V. Top 1 HHI C.V.
11-20 years into lifecycle -0.059 -0.063 -0.119 -0.012 -0.012 -0.029
(0.015) (0.017) (0.032) (0.005) (0.005) (0.012)
21-30 years into lifecycle -0.074 -0.073 -0.145 -0.026 -0.022 -0.059
(0.021) (0.025) (0.045) (0.006) (0.005) (0.013)
31-40 years into lifecycle -0.110 -0.116 -0.222 -0.031 -0.029 -0.067
(0.026) (0.033) (0.062) (0.007) (0.006) (0.015)
41-50 years into lifecycle -0.135 -0.145 -0.284 -0.034 -0.029 -0.074
(0.034) (0.042) (0.078) (0.008) (0.007) (0.018)
51-60 years into lifecycle -0.182 -0.194 -0.375 -0.033 -0.028 -0.075
(0.040) (0.049) (0.093) (0.010) (0.008) (0.021)
614 years into lifecycle -0.214 -0.236 -0.451 -0.041 -0.033 -0.092
(0.051) (0.063) (0.119) (0.012) (0.009) (0.026)
N 3771 3771 3771 10421 10421 10421
R? 0.32 0.38 0.38 0.56 0.54 0.58
Token FEs Y Y Y Y Y Y
Year FEs Y Y Y Y Y Y
Y mean 0.88 0.84 1.96 0.58 0.48 0.74

Notes: Table estimates changes in the dispersion of firm creation across economic sectors or the value chain over
time. Dispersion measures are (i) the top activity /sector share (“Top 1”7; Columns 1 and 4), the activity/sector
HHI (“HHI”; Columns 2 and 5), and the coefficient of variation (“C.V.”—in essence, the standard deviation of
activity /sector shares; Columns 3 and 6). SEs clustered by technology in parentheses.

Table C.2: Upstream to downstream industry evolution
robustness check: excluding non-nouns from the technology sample

Activity Sector
1) (2) 3) (4)
Manuf. Services Manuf. Services
11-20 years into lifecycle -0.031 0.047 -0.007 0.008
(0.038) (0.046) (0.005) (0.006)
21-30 years into lifecycle -0.101 0.109 -0.011 0.026
(0.040) (0.051) (0.006) (0.007)
31-40 years into lifecycle -0.119 0.099 -0.023 0.029
(0.040) (0.056) (0.007) (0.008)
41-50 years into lifecycle -0.149 0.148 -0.026 0.036
(0.040) (0.060) (0.007) (0.009)
51-60 years into lifecycle -0.168 0.136 -0.024 0.037
(0.044) (0.067) (0.009) (0.010)
61+ years into lifecycle -0.178 0.165 -0.030 0.046
(0.046) (0.073) (0.010) (0.012)
N 3771 3771 10421 10421
R2 0.33 0.45 0.76 0.70
Token FEs Y Y Y Y
Year FEs Y Y Y Y
Y mean 0.07 0.70 0.18 0.35

Notes: Table estimates changes in the share of firm creation across value chain
activities and economic sectors, comparing manufacturing and services. SEs
clustered by technology in parentheses.
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Table C.3: Firm creation and the dispersion of activity in relation to innovation characteristics

robustness check: excluding non-nouns from the technology sample

Panel A: Firm creation

By form By sector
(1) (2) (3) (4 (5)
All DE Non-DE  Manuf. Other
Std(Max value of first 100 patents) -0.036 -0.028 -0.035 -0.034 0.004
(0.080)  (0.083)  (0.086)  (0.085)  (0.084)
Std(Max breakthru in first 100 patents)  0.370 0.309 0.368 0.351 0.336
(0.143)  (0.181)  (0.142)  (0.149)  (0.152)
Std(Combinations in first 100 patents)  0.285 0.196 0.300 0.400 0.297
(0.107)  (0.119)  (0.106)  (0.127)  (0.115)
N 494 280 490 468 469
R? 0.12 0.12 0.13 0.15 0.12
Decade FEs Y Y Y Y Y
Panel B: Dispersion of activity
Activity Sector
(1) (2) 3) (4) (5) (6)
Top 1 HHI C.V. Top 1 HHI C.V.
Std(Max value of first 100 patents) 0.012 0.022 0.040 0.010 0.009 0.027
(0.016)  (0.017)  (0.030)  (0.008)  (0.008)  (0.018)
Std(Max breakthru in first 100 patents)  -0.019 -0.028 -0.050 -0.008 -0.007 -0.015
(0.013)  (0.015)  (0.028)  (0.006)  (0.006)  (0.015)
Std(Combinations in first 100 patents) -0.020 -0.028 -0.053 -0.010 -0.009 -0.027
(0.013)  (0.015)  (0.028)  (0.006)  (0.005)  (0.014)
N 278 278 278 469 469 469
R? 0.11 0.13 0.12 0.02 0.04 0.04
Decade FEs Y Y Y Y Y Y

12

Notes: Panel (A) estimates the relationship between total firm creation in a given technology and charac-
teristics of its first 100 patents. Column (1) measures all firms; Column (2) and (3), manufacturing and
non-manufacturing firms; and Columns (4) and (5), Delaware jurisdiction vs. other firms. Panel (B) estimates
differences in the dispersion of firm creation in a given technology as a function of the characteristics of its
first 100 patents. Dispersion measures are (i) the top activity/sector share (“Top 1”; Columns 1 and 4),
the activity/sector HHI (“HHI”; Columns 2 and 5), and the coefficient of variation (“C.V.”—in essence, the
standard deviation of activity/sector shares; Columns 3 and 6). Robust SEs in parentheses.



Table C.4: Annual firm creation as a function of current and recent patenting
robustness check: excluding non-nouns from the technology sample

Panel A: Current patenting

By form By sector
(1) (2) (3) (4) (5)
All DE Non-DE  Manuf. Other
Ln(Patents), 0.293 0.241 0.297 0.319 0.305
(0.042) (0.054) (0.044) (0.045) (0.044)
N 10326 2867 10033 9458 9547
R? 0.83 0.72 0.83 0.76 0.84
Token FEs Y Y Y Y Y
Year FEs Y Y Y Y Y
Y mean 1.67 1.25 1.65 -0.38 1.51

Panel B: Recent patenting

By form By sector
1) (2) (3) (4) (5)
All DE Non-DE = Manuf. Other
Ln(Patents), , 0.214 0.196 0.214 0.259 0.235
(0.037) (0.073) (0.037) (0.042) (0.039)
Ln(Patents), , 0.107 0.078 0.100 0.097 0.095
(0.021) (0.057) (0.021) (0.030) (0.023)
Ln(Patents), _, -0.002 0.050 -0.010 0.018 -0.006
(0.020) (0.052) (0.020) (0.033) (0.023)
Ln(Patents), , -0.009 -0.064 0.006 -0.047 -0.004
(0.029) (0.061) (0.028) (0.038) (0.030)
N 9565 2731 9302 8798 8860
R? 0.84 0.73 0.84 0.78 0.85
Token FEs Y Y Y Y Y
Year FEs Y Y Y Y Y
Y mean 1.71 1.27 1.69 -0.32 1.55

Notes: Panel (A) estimates relationship between annual firm creation and patenting in a given
technology, and Panel (B) the relationship between annual firm creation and recent patenting.
Observations in both panels are at the technology-year level. Column (1) measures all firms;
Column (2) and (3), manufacturing and non-manufacturing firms; and Columns (4) and (5),
Delaware jurisdiction vs. other firms. SEs clustered by technology in parentheses.
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