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Abstract Recent research on the determinants of high-
tech business entry increasingly relies on the knowledge
spillover theory of entrepreneurship (KTSE), which
contends that employees-turned-entrepreneurs start
new companies in order to commercialize unused local
knowledge generated by incumbent firms and universi-
ties. Existing literature in the USA context finds a pos-
itive relationship between regional knowledge produc-
tion and (total) high-tech start-up rates, which is
interpreted as lending empirical support to the theory.
In this paper, we perform a systematic test of the KSTE
and show that KSTE-based explanation of business
entry is not always consistent with the US firm forma-
tion patterns when the analysis gradually shifts from less
to more knowledge-intensive environments. We then
discuss alternative business entry mechanisms that are

more in line with the geographical and sectoral variation
in the US high-tech start-up rates.

Keywords Business entry . Innovation . Knowledge-
spillover theory of entrepreneurship

JEL codes O3 . R11 . D80 . L26

1 Introduction

New and young firms play a leading role in US job
creation (Haltiwanger et al. 2013), promote economic
growth and innovation (Fritsch 2013), introduce new prod-
ucts and markets (Knight 2001), and drive technological
evolution in regions (Fritsch and Mueller 2004). Given a
wide variation in start-up rates across regions (Bosma et al.
2008; Reynolds et al. 2007), both scholars and
policymakers strive to identify regional factors that help
promote business formation. Recent research on the deter-
minants of high-tech business entry increasingly relies on
the knowledge spillover theory of entrepreneurship
(KSTE), which contends that employees-turned-
entrepreneurs start new companies in order to commercial-
ize unused local knowledge generated by incumbent firms
and universities (Acs et al. 2013, 2009; Plummer and Acs
2014). Ghio and co-authors (Ghio et al. 2015) document
the growing influence of the KSTE among scholars and its
spread to various fields of economics and management.

Empirical tests of the KSTE are predominantly based
on investigations of total high-technology business entry
as a function of regional knowledge generation (Lee et al.
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2013; Plummer and Acs 2014; Qian and Acs 2013) with
just a few analyses at a more detailed sector or industry
level, which are mostly performed in countries other than
USA (Bonaccorsi et al. 2006; Lee et al. 2013). In the US
context, there are virtually no empirical tests of the KSTE
at a more detailed industry level (an exception is
Tsvetkova 2015). The positive relationship that is typical-
ly found in more aggreate studies is interpreted as
supporting evidence for the validity of the KSTE.

In this paper, we use instrumental variable approach
to perform a systematic test of the KSTE in the US
metropolitan statistical areas (MSAs). We develop a
novel instrument to measure metropolitan knowledge
production, which is based on the logic of the industry
mix term from shift-share analysis. As a sensitivity test,
we use alternative instruments recently proposed in the
literature. Our analysis shows that the KSTE is incon-
sistent with the US empirical evidence in more disag-
gregated analyses of high-tech subsectors and a high-
tech manufacturing industry. Specifically, the estimation
results for total high-tech firm formation are consistent
with the literature, i.e., greater knowledge generation
leads to increased high-tech firm entry. Also, the rela-
tionship holds for business formation in the high-tech
nongoods sector. For the high-tech goods sector the
results suggest that KSTE is not the dominant feature
at the metropolitan statistical area (MSA) level. The
negative relationship between metropolitan knowledge
generation and business entry in the high-tech goods-
producing sector and in the computer and electronic
product manufacturing industry implies that other
mechanisms are likely to be at play.

The contribution of this paper is twofold. First, it
shows that the mechanism of endogenous firm forma-
tion is more complex than the KSTE, and it may not be
generalizable across all industrial settings in the US
MSAs. In the US high-tech goods-producing sector
and in computer and electronics product manufacturing,
which is one of the most innovative industries, for
example, our results reveal effects that contradict the
KSTE. Although our estimation is unable to explicate
the mechanisms behind this finding, a review of inter-
national empirical evidence points to the role played by
institutional arrangements and/or business practices
(business culture) that vary across countries. Second,
the paper offers an explanation of the relationship be-
tween knowledge generation and business entry using
the US data and earlier research on the determinants of
entrepreneurial intensity in a region.

The rest of the paper is organized as follows. The
next section briefly reviews the KSTE and its empirical
tests including more disaggregated analyses from other
countries. We then perform systematic empirical tests in
the US context. Section 3 describes our estimation ap-
proach, variables, and the data. Section 4 presents re-
sults and discussion followed by sensitivity checks in
Section 5. Given that our empirical findings diverge
from what would be expected according to the theory
and existing international evidence, Section 6 proposes
alternative theoretical explanations of the observed re-
lationships that are consistent with the patterns revealed
by the analysis. Section 7 summarizes our findings and
outlines potential avenues for future research.

2 The KSTE perspective

The knowledge spillover theory of entrepreneurship
(Acs et al. 2013; Acs et al. 2009) describes a mechanism
that links regional knowledge generation to regional
business entry. According to the theory, knowledge is
produced by incumbent firms and universities (Plummer
and Acs 2014), but in the process of market implemen-
tation, part of the newly generated knowledge is
discarded by its creators. The unused or underutilized
part of the knowledge stock of a region becomes the
source of business formation opportunities (and in the
case of knowledge being at least to a degree a public
good, the same knowledge can be used by multiple
actors). Employees or others who have access to the
discarded knowledge may choose to quit their employer
and set up a firm with the purpose of commercializing
the unused idea.

The KSTE offers an elegant explanation of the im-
portance of local knowledge for regional economic per-
formance and growth. Arguably for this reason, it
attracted much attention in the empirical and theoretical
literature (Audretsch and Belitski 2013; Ghio et al.
2015; Qian and Acs 2013; Tsvetkova 2015). A number
of theoretical extensions and theoretical modifications
have been proposed, which in general suggest additional
factors that are important for the ability of knowledge to
lead to increased entrepreneurial entry. For example,
Qian and Acs (2013) introduce absorptive capacity as
an important consideration in the study of the
knowledge—business entry nexus, whereas Audretsch
and Belitski (2013) point to the role played by cultural
diversity that is essential for the knowledge generation
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and its translation into firm formation. Plummer and Acs
(2014) highlight localized competition, which can both
promote and hinder start-ups in more knowledge-
intensive environments.

The majority of the KSTE empirical tests are basi-
cally an investigation of the effects of knowledge
production in a region on high-tech business entry,
as the mechanism suggested by the KSTE is intuitive-
ly more applicable in high-tech settings. In many
cases, the tests demonstrate a positive relationship,
which is interpreted as confirming the validity of the
KSTE. For instance in the US context, Qian and Acs
(2013) use patenting intensity in MSAs as a measure
of regional knowledge production and high-tech busi-
ness entry as the dependent variable. Likewise,
Plummer and Acs (2014) use the same metrics for
their dependent and explanatory variables in a study
of California and Colorado counties. There are virtu-
ally no detailed sector- or industry-level analyses in
the USA. A rare example is an empirical test in the
professional, scientific, and technical services indus-
try by Tsvetkova (2015). The author finds that new
knowledge generation per se is insufficient and MSAs
need to possess sufficient entrepreneurial capital (al-
ready in place, unlike the KSTE view that knowledge
would stimulate entrepreneurship) for the metropoli-
tan knowledge generation to impact regional econom-
ic performance within the studied industry.

The evidence from other countries is mostly support-
ive of the KSTE but usually with qualifications. Lee
et al. (2013) study the effects of patenting on firm
formation in high-tech and low-tech manufacturing in
Korea. Although the results generally support the
KSTE, in the full model that accounts for both inter-
regional and intra-regional effects, the latter (stipulated
by the KSTE) are significant at the 10% only, while the
positive effect of spatially lagged patenting intensity is
significant at the conventional 5% level. Colombelli
(2016) uses a stock of patent applications (with 15%
annual depreciation rate) in Italian NUTS 3 regions as
an explanatory variable in a model of innovative busi-
ness entry. The start-ups included in the dependent
variable calculation belong to several sectors, including
both high-tech manufacturing and high-tech services.
The base models support the hypothesized positive link
between patent applications and new firm formation,
although this effect disappears when measures of tech-
nological variety of the knowledge base and the degree
of related and unrelated variety are included.

An associated body of work examines the effects of
local human capital and university research intensity on
start-up rates nearby. Bonaccorsi et al. (2013) find that
Italian universities specializing in applied sciences and
engineering have a particularly strong positive effect on
provincial firm formation in service industries. Baptista
and co-authors (Baptista and Mendonça 2010; Baptista
et al. 2011) show a positive effect of universities on
high-tech entrepreneurship in Portuguese municipali-
ties, although the exact mechanism of such relationship
is not explored. The authors highlight the importance of
various factors associated with the presence of institu-
tions of higher education, such as the number of gradu-
ates in different programs of study and others. Evidence
from Germany suggests that a mere presence of univer-
sities in a region is a strong predictor of firm entry in
high-technology and technologically advanced
manufacturing industries (Fritsch and Aamoucke 2013).

Despite seeming consensus, Knoben et al. (2011)
warn of limited applicability of the KSTE in an
analysis of Dutch municipalities over the 1999–
2006 period. The authors study employment growth
in new companies as a function of average invest-
ment in R&D per worker, educational attainment, and
the presence of a major university (including techni-
cal universities). The findings suggest that agglome-
ration economies are the strongest determinants, but
when agglomeration is not properly accounted for in
empirical testing, the results tend to point to the key
role of knowledge production, which is also consis-
tent with the findings in Fallah et al. (2014).

In sum, the KSTE is a good starting point to study
the link between innovation and business entry; how-
ever, more detailed industry-level analyses are need-
ed to assess applicability of the theory in various
settings. The existing empirical tests in the US con-
text tend to be general and focus on broad sectors,
such as all high-tech industries. More detailed sec-
toral analyses performed in other countries do not
provide unequivocal confirmation of the KSTE,
while the selection of the sectors and industries in
the literature appears to be ad hoc. To the best of our
knowledge, there is no systematic investigation of the
relationship between knowledge generation and firm
formation across high-tech subsectors and industries
with the analysis gradually moving to more
knowledge-intensive settings in order to assess KSTE
applicability across various industrial contexts. This
paper fills this gap.
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3 Empirical approach overview, variables, and data
sources

3.1 Empirical background

The KSTE explains opportunity entrepreneurship in an
innovative environment and is naturally more pertinent to
the urban areas. First, due to the market power of cities,
innovations are more likely to be developed and com-
mercialized in urban areas (Shearmur 2012), which are
also more likely to be home to opportunity entrepreneur-
ship (Low et al. 2005). Next, higher population and
business densities facilitate information flows that are
crucial for successful innovation and opportunity entre-
preneurship. Finally, the knowledge spillover theory of
entrepreneurship is an integral component of an entrepre-
neurial ecosystem perspective, which is an urban phe-
nomenon (Audretsch andBelitski 2016)mostly driven by
the differences in the levels of human capital, business
cultures, presence of infrastructure, and other character-
istics that are important for entrepreneurship in general
and business entry in particular (Bosma and Sternberg
2014; Mumford 2016). We, therefore, use US MSAs
(361 areas defined by the Office of Management and
Budget (OMB) in November 2008) as the unit of analy-
sis. Our data span 15 years between 1997 and 2011. The
period is determined by data availability for the depen-
dent variables (business entry). In contrast, the data for
explanatory variables (knowledge generation proxies) are
available for earlier years. This allows us using lagged
values of the explanatory variables in the analysis.

The validity of the central mechanism of the
KSTE (business formation by employees-turned-
entrepreneurs who commercialize an innovation) as
a primary driver of aggregate metropolitan firm entry
can be further verified by empirical analysis that goes
from more general (less knowledge-based) to more
knowledge-reliant sectors, subsectors, and industries.
To this end, we start our empirical estimation with
models that explain total start-up rates in US MSAs.
No significant relationship between knowledge gen-
eration and business entry is expected here because
only few companies in the whole pool of entrants are
likely to be the result of endogenous firm formation.
We further focus our analysis on business entry in all
high-tech industries and then separately on high-tech
nongoods-producing, high-tech goods-producing
subsectors and finally on computer and electronic
product manufacturing. Such research design allows

testing the effect of knowledge on firm entry in
increasingly more innovation-dependent industries.
If new start-ups are indeed predominantly driven by
employees commercializing new ideas, the positive
effect of knowledge is expected to become more
pronounced as we move from less knowledge-
intensive to more knowledge-intensive settings.

3.2 The dependent variables

The knowledge spillover theory of entrepreneurship
explains business entry as a function of knowledge
generation. The dependent variable in this study is met-
ropolitan business entry, Births. The data come from the
US Census Bureau Business Information Tracking Se-
ries (BITS) tables,1 which provide the number of start-
ups at a county level broken down by industry. Using
the BITS data, we calculate five MSA-level dependent
variables: total firm entry, firm entry in high-technology
industries, firm entry in high-tech nongoods-producing
industries, firm entry in high-tech goods-producing in-
dustries, and firm entry in the computer and electronic
product manufacturing industry. The dependent vari-
ables are defined as the logarithm of the number of
start-ups per 1000 metropolitan residents (the popula-
tion data come from the US Census Bureau). The in-
dustrial delineation in the BITS data follows the classi-
fications used at the time of the data release and ranges
from Standard Industry Classification (SIC) 1987 codes
to North American Industrial Classification System
(NAICS) 2007.

We use a list of high-tech industries used by
Plummer and Acs (2014) to calculate high-tech en-
try rates for years when SIC1987 classification was
used and a list of high-tech industries provided by
Fallah et al. (2014) for years when NAICS catego-
ries are used.2 The paper by Fallah et al. uses the
2002 NAICS def in i t ion . We use s tandard

1 The authors thank Prof. Haifeng Qian for sharing the BITS data.
2 Plummer and Acs (2014) use the SIC1987 industrial classification,
whereas Fallah and co-authors (Fallah et al. 2014) use the NAICS2002
classification. Although there might be inconsistencies in the defini-
tions of the high-tech sectors by these two studies, the major revamp of
the way industries were classified between SIC and NAICS is likely to
result in a considerably greater mismatch if instead of using the two
studies we rely on a cross-walk between SIC and NAICS provided by
the US Census Bureau. This is so because there is no way to map
industries from SIC into NAICS definitions with sufficient precision,
as often one industry in SIC corresponds to several industries in
NAICS and vice versa.
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concordances from the US Census Bureau website
to bridge industries and define the high-tech sector
when the BITS data rely on more recent NAICS
definitions. The high-tech sector is further split into
goods-producing industries (i.e., those in agricul-
ture, mining, manufacturing, construction) and
nongoods-producing industries (all other except
government), and entry rates are calculated for both
subsectors separately.

Our last dependent variable is the firm entry in com-
puter and electronic product manufacturing
(NAICS334) industry that includes NAICS 3341 (Com-
puter and Peripheral Equipment Manufacturing),
NAICS 3342 (Communica t ions Equipment
Manufacturing), NAICS 3343 (Audio and Video Equip-
ment Manufacturing), NAICS 3344 (Semiconductor
and Other Electronic Component Manufacturing),
NA ICS 3345 (Nav i g a t i o n a l , Me a s u r i n g ,
Electromedical, and Control Instruments Manufactur-
ing), and NAICS 3346 (Manufacturing and Reproduc-
ing Magnetic and Optical Media).3 The NAICS334

industry4 is important to the US economy for a number
of reasons. It is consistently listed as one of the most
innovative industries; it creates high-paid jobs and sig-
nificantly contributes to the US economic output
(Helper et al. 2012; Houseman et al. 2015; Tsvetkova
et al. 2014). The success of individual computer and
electronic manufacturing companies crucially depends
on introduction of new products and technologies and
on the ability to benefit from knowledge flows (BLS
2011), which implies that the KSTE is expected to hold
in the empirical analysis in computer and electronic
manufacturing in particular.

3.3 The explanatory variables

The pool of ideas available for market exploitation is the
key explanatory variable in the knowledge spillover
theory of entrepreneurship. Because it is practically
impossible to measure the pool of unutilized ideas,
existing studies often use various metrics of knowledge
production in a region as proxies. Perhaps the most
widely used measure is the patenting activity in a region
(Camp 2005; Plummer and Acs 2014; Qian and Acs
2013). This measure has a number of well-known lim-
itations. For example, it captures only a fraction of
created knowledge ignoring most process innovations
altogether and assigns equal economic value to all pat-
ents, which is clearly an unrealistic assumption
(Feldman and Audretsch 1999; Griliches 1979; Pakes
and Griliches 1980). Despite the limitations, however,
patent count may be the best available approximation of
regional innovative activity (Feser 2002; Griliches
1990), especially in urban areas (Acs et al. 2002).
Patenting intensity as a measure of knowledge genera-
tion is especially applicable when testing the KSTE,
since the theory suggests that B[e]ntrepreneurial oppor-
tunities … lie in the emergence of new knowledge as a
result of R&D activity^ (Qian and Acs 2013, p. 188).

We use a log of population-adjusted number of utility
patents granted to inventors residing in a metropolitan
area (Patents) as the main explanatory variable. Patents
are assigned to the MSA of residence of the first inven-
tor on a year when the US PTO granted them. Since it

3 For the years when SIC data are used for the dependent variable, the
computer and electronic manufacturing industry is defined according
to the US Census Bureau concordances and includes SIC3495 House-
hold Audio and Video Equipment; SICSIC3571 Electronic Computers;
SIC3572 Computer Terminals; SIC3577 Computer Peripheral Equip-
ment, NEC; SIC3578 Calculating and Accounting Machinery;
SIC3579 Office Machines, NEC; SIC3651 Household Audio and
Video Equipment; SIC3652 Phonograph Records and Prerecorded
Audio Tapes and Disks (reproduction of all other media except video);
SIC3661 Telephone and Telegraph Apparatus; SIC3663 Radio and
Television Broadcasting and Communications; SIC3669 Communica-
tions Equipment, NEC; SIC3671 Electron Tubes; SIC3672 Printed
Circuit Boards; SIC3674 Semiconductors and Related Devices;
SIC3675 Electronic Capacitors; SIC 3676 Electronic Resistors;
SIC3677 Electronic Coils, Transformers, and Other Inductors;
SIC3678 Electronic Connectors; SIC3679 Electronic Components,
NEC; SIC3695 Magnetic and Optical Recording Media; SIC3812
Search, Detection, Navigation, Guidance, Aeronautical, and Nautical
Systems and Instruments; SIC3822 Automatic Controls for Regulating
Residential and Commercial Environments and Appliances; SIC3823
Industrial Instruments for Measurement, Display, and Control of Pro-
cess Variables, and Related Products; SIC3824 Totalizing Fluid Meters
and Counting Devices; SIC3825 Instruments for Measuring and Test-
ing of Electricity and Electrical Signals; SIC3826 Laboratory Analyt-
ical Instruments; SIC3829 Measuring and Controlling Devices, NEC;
SIC3842Orthopedic, Prosthetic, and Surgical Appliances and Supplies
(electronic hearing aids); SIC3844 X-Ray Apparatus and Tubes and
Related Irradiation Apparatus; SIC3845 Electromedical and
Electrotherapeutic Apparatus; SIC3873 Watches, Clocks, Clockwork
OperatedDevices, and Parts; SIC3915 Jewelers Findings andMaterials
and Lapidary Work (watch jewels); SIC7372 Prepackaged Software
(mass reproduction of software); SIC7819 Services Allied to Motion
Picture Production (reproduction of video).

4 Since the BITS data for the first 2 years of our research relies on SIC
industry classification, it might be technically incorrect to refer to the
computer and electronic manufacturing industry in our study as
NAICS334. Although we try to spell out the industry name throughout
the paper, in some cases for brevity, we default to the NAICS334 as a
title for the industry.
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takes several years on average to receive a patent for an
invention, we lag Patents by 4 years in the empirical
estimation.5 It is hoped that such operationalization is
able to better capture knowledge production in a region
that can facilitate knowledge spillovers as opposed to
the time when knowledge is protected by a patent with
the goal of preventing knowledge sharing. The county-
level patent count provided by the US PTO is the data
source for the variable aggregated to the MSA level.

The specifics of the endogenous firm formation
mechanism proposed by the KSTE entail a circular
dependence of business entry on knowledge production
and of knowledge production within firms on business
entry. Such a recursive relationship is likely to lead to
the endogeneity problem in empirical estimation. Mea-
surement issues may also lead to endogeneity.

We, thus, rely on the instrumental variable approach
as our main estimation strategy, which was previously
used in empirical tests of the KSTE (e.g., Plummer and
Acs 2014). To instrument for Patents, two variables are
used as the instrument set. First is a measure of patenting
activity (PatMix) that is based on the logic of the indus-
try mix term from the shift-share analysis (the so-called
Bartik’s (1991) instrument), which is widely used in
economics and regional science (Betz et al. 2015;
Blanchard and Katz 1992; Tsvetkova and Partridge
2016; Tsvetkova et al. 2017; Tsvetkova et al. 2018).
The instrument is based on the national patenting activ-
ity across groups of manufacturing industries (technol-
ogy classes) and each MSA’s manufacturing industrial
composition.6

PatMix is calculated as in (1) below

PatMix ¼ ∑n
i¼1Silog NPið Þ ð1Þ

where Si is the share of employment in manufacturing
industries that correspond to technology class i in total
manufacturingMSA employment andNPi stands for the
national number of patents in technology class i as
reported by the US PTO7, and there are n technology
classes. PatMix is calculated using employment data

(aggregated to metropolitan level) from the Economic
Modeling Specialists International (EMSI), a proprie-
tary dataset that contains employment by four-digit
NAICS industry codes for all US counties. The PatMix
variable then reflects whether an MSA has a composi-
tion of industries that exhibit high or low patenting rates.
Because national patenting rates by industry are exoge-
nous to a given MSA and any lagged labor supply
responses associated with industry composition should
be limited after controlling for demographic factors such
as education and racial composition, PatMix is expected
to be exogenous. National patenting by industry and
year comes from the US PTO report U.S. Patenting
Trends by NAICS Industry Category Utility Patent
Grants, Calendar Years 1963–2012.8

Following previous empirical tests of the KSTE
(Plummer and Acs 2014), we include the second
variable in the instrument set, the logged share of
high-tech employment in nongoods-producing indus-
tries in an MSA (HighTechNGEmpShare)9 calculated
from EMSI data using the list of high-tech industries
provided by Fallah et al. (2014). In previous studies,
the share of high-tech employment was used (aside
from being an instrument for knowledge production
in empirical tests of the KSTE) as an approximation
for the pool of people who generate local knowledge
and the thickness of local input markets that has been
shown to be generally important for entrepreneurship
and high-tech entrepreneurship in particular (Bublitz
et al. 2015; Dohse and Vaona 2014; Helsley and
Strange 2011). In our case, in addition to the more
traditional justifications, we use the share of high-
tech employment in nongoods-producing services to
capture some of the ideas that originate in services
and those related to the process innovation, which are
not captured by patenting measures that are primarily
from manufacturing. An instrument set consisting of
PatMix and HighTechNGEmpShare performs best in
terms of model identification, although the estima-
tion results do not change if we use the share of high-

5 Lagging by 3 or 5 years produces comparable results, but fewer
models are identified. We, therefore, use 4 years to lag patent-related
variables.
6 The measure is based on manufacturing because US PTO classifies
utility patents into manufacturing industries only.
7 Industry classes used by the US PTO do not directly correspond to
the NAICS classification at any level of aggregation; instead, PTO
provides a concordance, which we use to calculate MSA employment
shares to be used in deriving the PatMix variable.

8 http://www.uspto.gov/web/offices/ac/ido/oeip/taf/naics/stc_naics_
faall/usa_stc_naics_fa.htm.
9 Other potential instruments, such as federal R&D university expen-
ditures, the number of technology transfer offices in anMSA, as well as
the total share of high-tech employment and the share of high-tech
employment in goods-producing industries were tested as well but
were discarded in favor of the instrument set used based on the results
of the diagnostic tests. Sensitivity analysis section shows estimation
results using instrument sets containing the latter two variables in
addition to PatMix.
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tech employment (HightTechEmpShare) or the share
of high-tech employment in goods-producing indus-
t r i e s (H i g h Te c hGEmp S h a r e ) i n s t e a d o f
HighTechNGEmpShare.

3.4 Control variables

In addition to a measure of metropolitan knowledge
generation, all models include a set of control variables
that account for various factors relevant to business
entry inmetro economies.Most generally, these controls
are intended to capture the area’s industry structure, the
level of human capital, agglomeration economies, and
economic conditions.

We approximate the industrial structure of an MSA
by a measure of industrial diversity and a measure of
diversity of high-tech industries. Although some re-
searchers believe that specialization of a regional econ-
omy in one industry or a sector should lead to superior
performance and knowledge generation in this sector
(Audretsch 2003; van der Panne 2004; van Stel and
Nieuwenhuijsen 2004), more recently (and with regard
to the high-tech industries in particular), a consensus
seems to emerge that a cross-fertilization of ideas in the
spirit of Jacobs (1969) is more important for a vibrant
innovative environment, idea flows, and, eventually,
entrepreneurship (Feldman and Audretsch 1999;
Frenken et al. 2007; van Stel and Nieuwenhuijsen
2004; Fallah et al. 2014). Bishop (2012) shows that
the diversity of knowledge is an important driver of
the UK high-tech business entry. In line with previous
research, we approximate metropolitan industrial diver-
sity by an entropy measure calculated at the four-digit
NAICS10 level and based on all industries present in an
MSA. We supplement this measure by a separate entro-
py measure calculated only for high-tech industries to
capture the diversity of the knowledge base.

More specifically, we calcualte IndDiversity as in (2)
below.

IndDiversity ¼ ∑n
i¼1Siln

1

si

� �
ð2Þ

where Si stands for the share of a four-digit NAICS
industry i employment in total metropolitan

employment and there are n industries. The entropy
index is zero if all employment is concentrated in one
industry, and it is maximized if employment is distrib-
uted evenly among industries. The diversity of knowl-
edge base is calculated in the same way but uses only
four-digit NAICS high-tech industries as defined by
Fallah and co-authors (Fallah et al. 2014). In this case,
Si is the share of a high-tech four-digit NAICS industry
and there are n high-tech industries.

To capture the industrial conditions that are relevant
to the dependent variables, we introduce a measure of
localized competition.11 Plummer and Acs (2014) argue
that localized competition (competition for ideas em-
bedded in people) is important for business entry in the
knowledge spillover theory of entrepreneurship. They
contend that the degree of localized competition in this
context may have suppressing effects on firm formation,
as a larger number of firms would increase the likeli-
hood of idea utilization (i.e., fewer unutilized or
underutilized ideas) and may decrease chances of suc-
cess via increased competition. On the other hand, more
efficient utilization of ideas should stimulate knowledge
production and promote a knowledge-rich environment
that offers greater entrepreneurial opportunities. The
variable LocalComp is our measure of localized com-
petition. Following Plummer and Acs (2014), it is cal-
culated from the EMSI database as the ratio of estab-
lishments to employees in an MSA divided by the same
ratio for the whole economy.12 We use total establish-
ment and employment counts when fitting models of
total MSA business entry; for the remaining models,
which focus on high-tech, we use high-tech establish-
ments and employment as discussed above.

Another strand of literature suggests that creativity of
well-educated people and the diversity of cultural back-
grounds is important within the KSTE framework. As
such, creativity and diversity should facilitate business
formation by creating an environment favorable for
information sharing and learning (Audretsch and

10 Relying on a four-digit NAICS classification allows capturing the
level of related variety in a region, which is important for knowledge
flows, whereas using two-digit NAICS sectors would capture unrelated
variety that is important for guarding regional economies from negative
shocks (Frenken et al. 2007).

11 An earlier version of this manuscript included location quotient
(LQ) as the second variable relevant to the industrial conditions. This
variable was highly correlated with population density in all high-tech
models introducing multicollinearity problems as evidenced by a VIF
of around 20. The models that omit LQ performed better in terms of
identification compared with the models without population density.
The results were identical, and we, therefore, proceeded by dropping
LQ from our specification.
12 Note, however, that the variable LocalComp, as calculated in this
study, is likely to capture (a lack of) market power in an MSA, as this
measure is essentially an inverse of a standardized average firm size.
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Belitski 2013). To account for such a possibility, our
models include a measure of employment concentration
in professional services, Professionals. This variable is
calculated from the EMSI data as the number of
employed in NAICS52 (Finance and Insurance),
NAICS54 (Professional, Scientific, and Technical Ser-
vices), and NAICS55 (Management of Companies and
Enterprises) per 1000 working people in an MSA. The
share of foreign-born population in an MSA—For-
eign—is an approximation for what Audretsch and
Belitski (2013) call the melting pot index. The US
Census Bureau is the data source for this variable.

Density supports knowledge spillovers and is an
integral part of agglomeration (Griliches 1992; Koo
2005; López-Bazo et al. 2004). This study uses popula-
tion density (PopDensity), calculated from the US Cen-
sus Bureau data, to reflect this urban feature. The share
of adult population with graduate or professional degree
GradProfShare is aggregated from the US Census Bu-
reau county-level data. The measure likely reflects the
pool of potential Bknowledge^ entrepreneurs and indi-
cates availability of educated workforce in a region.

Personal income growth (IncGrowth) and the unem-
ployment rate (UnempRate) are included to account for
metropolitan economic conditions. A growing per
capita income should reflect widening opportunities
for local companies, as an expanding local market
should stimulate business entry (Armington and Acs
2002). The unemployment rate is a measure of econom-
ic hardships. Since the estimation period includes the
Great Recession, these two measures help capture the
degree to which each MSA was sensitive to the down-
ward economic trends in the national economy and may
proxy for labor-force availability.13 The US Bureau of
Economic Analysis (BEA) is the source for the former
variable, while the latter variable comes from the US
Bureau of Labor Statistics (BLS).

In addition to these variables, all models include
MSA and year fixed effects to factor out constant met-
ropolitan characteristics and the economy-wide cyclical
trends that uniformly affect all MSAs. A concise sum-
mary of all continuous variables and their sources is in

Appendix Table 5. The Appendix Table 6 gives sum-
mary statistics of the variables used in the main specifi-
cation. The VIF statistics are shown in the Appendix
Table 7.

3.5 Estimation approach

The regression-based test of endogeneity using our main
instrument set indicates that knowledge production
tends to be endogenous in all models dealing with the
high-tech (overall, two subsectors and the NAICS334
industry).14 Thus, these models are estimated using an
IVapproach (Baum et al. 2007; Schaffer 2012) to derive
the within estimates. Factoring out location-specific un-
changing traits is important for at least two reasons.
First, the relationship between regional characteristics
and firm formationmay differ by location (Cheng and Li
2011), and, second, the within nature of the estimates
produced by the fixed-effect models shows the expected
changes in the outcome variable if characteristics of an
MSA change and, thus, allows us to infer causal re-
sponses (along with the help of our IV approach).

The variable Patents is instrumented with PatMix
and HighTechNGEmpShare (Eq. (4)) where all patent-
related measures are lagged by 4 years. Births is
modeled as a function of a fitted value of patenting
activity in an MSA, a vector of control variables X and
a set of MSA and year fixed effects (Eq. (3)). Equation
(4) fits an instrument for the stock of knowledge that can
be exploited by potential knowledge entrepreneurs,
while Eq. (3) presents the core model.

Birthsit ¼ αþ β1
dlnPatentsit þ X itβx þ δi þ θt þ εit ð3Þ

dlnPatentsit ¼ αþ β1PatMixit þ β2HighTechNGEmpShareit þ εit

ð4Þ
where subscript i refers to an MSA, subscript t to a year,
δi is anMSA fixed effect, θt is a time dummy (with 1997
serving as the baseline), and εit is a robust error term
(when fitting an instrument, all variables that enter the
Eq. (3) also enter the Eq. (4) by default; Appendix
Table 8 shows first-stage estimation results). We esti-
mate Eq. (3) separately for each of the five dependent
variables (total start-up rates, start-up rates in the high-

13 As a sensitivity test for the effects of the Great Recession, we
estimated the models separately for years 1997–2007 and 2007–
2011. The estimation results for the former period were practically
identical to the ones reported in this paper; in the case of the latter
period, very few variables were significant and the strength of the
instruments was considerably below the traditional cutoff value of 10
indicating weak instruments.

14 Evidence using other instrument sets is reported in the Sensitivity
analysis section.
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tech sector, start-up rates in the high-tech nongoods-
producing sector, start-up rates in the high-tech goods-
producing sector, and start-up rates in computer and
electronic manufacturing).

4 Results and discussion

The main estimation results for all models are shown in
Table 1 (variables used in a log form are indicated by the
postscript (ln)). The endogeneity test (the P value of its
χ2 (1)-distributed statistics is in the last row of Table 1)
indicates a possible endogeneity problem in all high-
tech business entry models and justifies the IVapproach.
The selected instruments are strong (the first-stage
Kleibergen-Paap rk Wald F statistic is always above
25, whereas the Stock and Yogo (2005) weak ID test
critical value (at 10%) is 19.93); the Hansen J test
suggests that all models are identified and the exclusion
restriction holds (P values of the overidentification test
are above the cutoff value of 0.05).

At least two important conclusions follow from Ta-
ble 1. First and foremost, knowledge generation has
heterogeneous effects on business formation depending
on the (high-tech) sector and industry. For example,
accounting for MSA fixed effects, metropolitan knowl-
edge production is positively related to firm entry in
high-technology industries 4 years later. This result is
in line with the previous KSTE empirical tests and, if
taken in isolation, would support the validity of the
knowledge spillover theory of entrepreneurship. Our
results, however, show that this finding is driven entirely
by the positive relationship between knowledge and
firm formation in the high-tech nongoods (services)
producing industries. In the high-tech goods-producing
industries, the relationship is negative, i.e., greater
knowledge production in an MSA is related to lower
business entry. The same is true for the computer and
electronic product manufacturing, one of the most inno-
vative and productive US industries. One reason may be
that high patent production may indicate a different
segment of manufacturing such as more R&D facilities,
while another reason may be that patents serve to mo-
nopolize certain goods or processes that limit new firm
entry or to intensify competition in general discouraging
potential entrants. In addition to the potential role of
patents in discouraging entry, incumbent companies are
likely to hinder their employees exit options, especially
in relation to starting a new business. This is mostly

made possible via the use of the noncompete agreements
that depend on state laws in scope and enforceability. It
was shown that laws that increasingly favor employers
in their ability to impose exit restrictions on employees
are associated with reduced firm entry in high-tech
industries but also with increased investments by incum-
bents, which is likely to increase knowledge generation
in these industries (Jeffers 2018). Related to this, as
high-tech manufacturing becomes more knowledge-in-
tensive, costs of starting a business are likely to be
higher, making entry more difficult (Vatne 2017).

Second, there are clear differences in business for-
mation drivers between high-tech nongoods sector and
high-tech goods sector, suggesting very different re-
gimes, most likely related to differences in entry barriers
as well as the fact that high-tech service firms have
entirely different input-output clienteles. Besides, firms
manufacturing a high-tech product may want their facil-
ities in lower cost locales. These differences also imply
that a theory that predicts a dominant straightforward
relationship between knowledge production and busi-
ness entry is unlikely to explain firm formation across
high-tech subsectors. According to Table 1, aside from
divergent effects of knowledge on firm formation in
high-tech goods- and high-tech nongoods-producing
industries, the effects of high-tech diversity, localized
competition, population density, and unemployment al-
so differ. The diversity of high-tech industries in a metro
area stimulates business entry in high-tech services (per-
haps due to a larger base of high-tech service clients or a
less-risky set of clients that are not tied to the health of
one industry), but not in high-tech goods-producing
subsectors. Localized competition, which empirically
can be seen as the opposite of market power in an
MSA, as well as population density has the same effect.
Higher unemployment, on the other hand, is related to
lower firm formation rates in high-tech industries in
general and in high-tech services in particular—
suggesting that general workforce availability is less
important than overall economic conditions.

5 Sensitivity analysis

To test the sensitivity of the results reported in Sect. 4,
we now use alternative estimation approaches and dif-
ferent instrument sets. We start with using a 3SLS
procedure, which was used as the main estimation ap-
proach in previous KSTE tests (Plummer and Acs
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2014). The three-stage estimation procedure involves
developing instrumented values for all endogenous var-
iables, obtaining consistent estimates of the covariance
matrix of error terms and using the values from the first
step and the consistent covariance matrix from the sec-
ond step to perform a GLS-type estimation.15 Thus, the
3SLS approach accounts for the possibility that the
residuals are correlated in a particular MSA across firm
entry types.

Table 2 reports 3SLS second-stage estimation results
(first-stage results are shown in Appendix Table 9),
which are practically identical to the ones reported in

Table 1. More specifically, knowledge production mea-
sured by metropolitan patenting intensity and instru-
mented by an industry mix-like measure of expected
patenting in an MSA and the share of employment in
high-tech nongoods-producing industries is (1) not re-
lated to overall firm entry, (2) positively related to firm
entry in high-tech industries in general and in high-tech
nongoods-producing industries in particular, and (3)
negatively related to business formation in high-tech
goods-producing industries, specifically in computer
and electronic product manufacturing.

Next, we use the total share of high-tech employment
and the share of high-tech employment in goods-
producing industries as one component of the alternative15 https://www.stata.com/manuals13/rreg3.pdf

Table 1 IV estimation results for firm entry

Total firm
entry

High-tech firm
entry

High-tech nongoods firm
entry

High-tech goods firm
entry

NAICS334 firm
entry

Patents (ln) 0.016 0.15*** 0.22*** − 0.063*** − 0.048***
(0.20) (2.81) (3.67) (− 3.81) (− 4.94)

IndDiversity 0.061*** 1.2e−03 − 2.4e−03 5.5e−03 5.2e−03**
(2.76) (0.08) (− 0.17) (1.42) (2.05)

HighTechDiversity 2.3e−03 0.016*** 0.016*** − 7.5e−04 − 5.5e−04*
(1.09) (8.80) (8.90) (− 1.57) (− 1.91)

Professionals 9.0e−04 − 2.4e−04 − 3.1e−04 2.0e−04 1.1e−04
(0.57) (− 0.23) (− 0.28) (0.67) (0.60)

Foreign − 3.2e−03*** 3.4e−04 2.2e−04 1.0e−04 − 4.9e−04***
(− 2.79) (0.41) (0.24) (0.54) (− 3.19)

LocalComp 2.3e−03*** 0.055*** 0.055*** − 4.5e−04 − 5.1e−04
(2.84) (9.13) (9.23) (− 0.34) (− 0.63)

GradProfShare 0.011*** 2.5e−03 9.7e−04 1.2e−03** − 9.1e−04**
(3.94) (1.33) (0.49) (2.06) (− 2.43)

PopDensity 0.74*** 0.26** 0.31*** − 0.052** − 0.047**
(3.92) (2.53) (2.79) (− 2.30) (− 2.07)

UnempRate − 9.6e−03*** − 3.0e−03*** − 3.1e−03*** 4.7e−06 4.1e−06
(− 12.25) (− 5.96) (− 6.00) (0.03) (0.05)

IncGrowth 1.7e−03*** 4.6e−04 5.3e−04* − 7.6e−05 − 2.6e−05
(4.19) (1.58) (1.80) (− 0.87) (− 0.70)

R2 0.780 0.558 0.561 − 0.030 0.193

Weak ID test 25.272 25.149 25.149 25.149 25.149

OverId test
(Hansen J)

0.219 0.206 0.142 0.854 0.572

Endogeneity test
χ2

0.770 0.004 0.000 0.000 0.000

t -stat in parentheses; number of observations 5413; all models includeMSA and year fixed effects; the instrument set consists ofPatMix and
HighTechNGEmpShare

***Significant at 0.01 level; **significant at 0.05 level; *significant at 0.1 level
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instrument sets in place of HighTechNGEmpShare. Ap-
pendix Table 10 shows the results. Although fewer
models are identified, the results are remarkably consis-
tent across all specifications.

As a further test of sensitivity, we calculate predicted
patenting based on high-tech and low-tech employment
composition of a locality (Regress_M) following the
approach presented in Détang-Dessendre et al. (2016)
and use it in Lewbel (2012) IV procedure. In particular,
we calculate high-tech and low-tech employment shares
in all two-digit NAICS codes using Fallah et al. (2014)
classification of industries. We then use these shares
lagged by 1 to 7 years and state fixed effects as explan-
atory variables in negative binomial regression to esti-
mate the number of utility patents in a given year. In the
last step, estimated coefficients and actual employment
shares are used to predict metropolitan patenting as
described in Eqs. (5) and (6) below.

Patentsit ¼ ∑N
n¼1βnEmpShareint−p þ δs þ εit ð5Þ

Regress Mitp ¼ ∑N
n¼1

bβnEmpShareint−p ð6Þ
where i denotes MSA, t is time period and p is the lag
(p = 1,…,7), n is high-tech or low-tech subset of each
two-digit NAICS industry code, EmpShare is share of
subset n in total MSA employment, and δs is state fixed
effects.

Table 3 presents second-stage estimation results
using a combination of Regress_M (lagged by 4 years)
and Lewbel-generated instruments. The specification
tests at the bottom suggest that the instrument set is
strong in the first stage and passes the exclusion restric-
tion. Generally, the results presented in Table 3 are
consistent with those shown in Tables 1 and 2 with
two notable exceptions. Although the estimation coeffi-
cients on the knowledge production measure are in the
same direction as before, they are insignificant in all
models but computer and electronic product
manufacturing. In these cases, however, Lewbel IV
procedure does not detect endogeneity problem suggest-
ing that a simple OLS approach is appropriate.

Given no evidence of endogeneity in four out of five
models in Table 3, we re-estimate our models using
fixed-effect panel data approach with metropolitan
patenting intensity lagged by 4 years as the explanatory
variable. The results are reported in Table 4. The evi-
dence on the effects of regional knowledge generation

on business entry in high-tech goods-producing sector
and in NAICS334 is in line with Tables 1 and 2. In all
other models, patenting intensity appears insignifi-
cant.16 Since our main estimation results suggest no
presence of endogeneity in the model of total firm
formation, OLS results from Table 4 are preferred. In
summary, the diverging effects of knowledge creation
on firm entry, which depend on the subsector and in-
dustry, are confirmed in all estimation frameworks. In
particular, the negative effect in the high-tech goods-
producing sector and in the computer and electronic
product manufacturing is stable across all specifications.
The lack of a statistical relationship between knowledge
generation and total business entry is also stable. The
evidence on the impacts in the high-tech sector and in
high-tech services is inconclusive, but the results pre-
sented in Tables 1 and 2 combined with the findings in
the existing literature suggest that positive effects are
more likely.

6 Labor-market approach to industrial entry
in the high-tech context

Given the results reported in Sects. 4 and 5, it appears
that the KSTE is not applicable in the high-tech goods-
producing sector and the computer and electronic prod-
uct manufacturing, at least in the US MSAs during the
period studied. Yet, it does potentially renew scholarly
and policymakers’ interest in the relationship between
knowledge generation and firm formation and in the
mechanisms behind such a relationship. Our results
combined with the findings in the existing literature
confirm (with qualifications) that aggregate high-tech
metropolitan business entry positively depends on
knowledge production. In the high-tech goods-produc-
ing sector and in the computer and electronic product
manufacturing, on the contrary, the effects of patenting
activity are always negative and significant. This latter
result runs contrary to the predictions of the KSTE but is
notably consistent across a number of estimation frame-
works and specifications in our study.

16 Estimated effects of patenting intensity on total business entry and
business entry in high-tech sector and in high-tech nongoods-produc-
ing subsector becomes positive and statistically significant if the
models exclude time fixed effects. In this specification, the negative
effects in the high-tech goods-producing sector and in computer and
electronic product manufacturing do not change.
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The divergent effects of patenting on business entry
documented in this research point to a need to develop a
richer theoretical framework that accommodates the pat-
terns of relationships revealed by the data. The KSTE is
mostly seen as a regional theory, i.e., the stock of new (and
unutilized) ideas produced in a region is the main determi-
nant of regional business entry, while the personal motiva-
tion and ability of a potential entrepreneur to start a busi-
ness are outside its scope. Yet, an individual and her
decision to switch to entrepreneurship is what ultimately
drive firm formation. In this sense, a labor perspective of
entrepreneurship is highly relevant and, arguably, better
positioned to explain the patterns revealed by our analysis.

We start with a labor market approach to industrial
entry (Storey and Jones 1987), where a wholly new
business entry in industry i (as opposed a relocation
from elsewhere) can be defined as a function of expect-
ed profitability (πi) and entry barriers (Xi).17We define a
system of equations, which describes business entry in
high-tech nongoods-producing industries and in high-
tech goods-producing industries as a function of expect-
ed profits and entry barriers. Combining the insights

17 We omit the term Li, a measure of labor shedding in industry i, as it
relates more to necessity entrepreneurship, which is assumed away
when a relationship between knowledge production and business entry
in the high-tech sector is considered.

Table 2 3SLS estimation results for firm entry

Total firm
entry

High-tech firm
entry

High-tech nongoods firm
entry

High-tech goods firm
entry

NAICS334 firm
entry

Patents (ln) 0.013 0.13*** 0.19*** − 0.055*** − 0.043***
(0.18) (2.90) (4.03) (− 4.58) (− 6.20)

IndDiversity 0.062*** 5.4e−03 3.5e−03 3.9e−03 4.2e−03**
(3.16) (0.44) (0.27) (1.18) (2.19)

HighTechDiversity 2.1e−03 0.015*** 0.015*** − 3.7e−04 − 3.0e−04
(1.19) (9.64) (9.60) (− 0.90) (− 1.27)

Professionals 8.8e−04 − 3.5e−04 − 4.6e−04 2.4e−04 1.4e−04
(0.66) (− 0.41) (− 0.52) (1.05) (1.04)

Foreign − 3.2e−03*** 5.7e−04 5.3e−04 1.8e−05 − 5.4e−04***
(− 3.13) (0.88) (0.80) (0.10) (− 5.46)

LocalComp 2.3e−03* 0.054*** 0.054*** − 7.1e−05 − 2.6e−04
(1.70) (12.51) (12.35) (− 0.06) (− 0.40)

GradProfShare 0.011*** 3.4e−03** 2.3e−03 8.4e−04* − 1.2e−03***
(4.49) (2.14) (1.42) (1.95) (− 4.62)

PopDensity 0.74*** 0.27*** 0.31*** − 0.054** − 0.048***
(5.41) (3.05) (3.48) (− 2.30) (− 3.57)

UnempRate − 9.5e−03*** − 3.0e−03*** − 3.0e−03*** − 3.1e−05 − 1.9e−05
(− 14.03) (− 6.75) (− 6.68) (− 0.27) (− 0.29)

IncGrowth 1.7e−03*** 4.1e−04** 4.5e−04*** − 5.5e−05 − 1.3e−05
(6.62) (2.47) (2.69) (− 1.26) (− 0.52)

Constant 0.99*** − 0.16*** − 0.19*** 0.027* − 6.6e−04
(10.89) (− 2.68) (− 3.16) (1.74) (− 0.07)

Weak ID test 25.272 25.149 25.149 25.149 25.149

OverId test
(Hansen J)

0.219 0.206 0.142 0.854 0.572

Endogeneity test
χ2

0.770 0.004 0.000 0.000 0.000

t-stat in parentheses; number of observations 5413; R2 is 0.34 in all models; all models include MSA and year fixed effects; the instrument
set consists of PatMix and HighTechNGEmpShare

***Significant at 0.01 level; **significant at 0.05 level; *significant at 0.1 level
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from the labor market approach to firm entry and the
KSTE, we postulate that both arguments of the entry
function depend on knowledge generation:

ENG ¼ f πNG kð Þ;XNG kð Þð Þ ∂ENG

∂πNG
> 0;

∂ENG

∂XNG
< 0 ð7Þ

EG ¼ f πG kð Þ;XG kð Þð Þ ∂EG

∂πG
> 0;

∂EG

∂XG
< 0 ð8Þ

Our empirical results suggest the following relation-
ships between metropolitan knowledge generation and
the main components of Eqs. (7) and (8).

∂πNG

∂k
> 0 ð9Þ

∂XNG

∂k
< 0 ð10Þ

∂πG

∂k
< 0 ð11Þ

∂XG

∂k
> 0 ð12Þ

Table 3 Lewbel procedure estimation results for firm entry

Total firm
entry

High-tech firm
entry

High-tech nongoods firm
entry

High-tech goods firm
entry

NAICS334 firm
entry

Patents (ln) 1.4e−03 0.028 0.035 − 7.4e−03 − 0.025***
(0.04) (1.25) (1.58) (− 1.25) (− 3.60)

IndDiversity 0.062*** 0.014 0.016 2.1e−04 8.4e−04
(2.97) (1.11) (1.25) (0.06) (0.35)

HighTechDiversity 2.1e−03 0.013*** 0.013*** 2.8e−04 2.7e−04
(1.14) (8.56) (8.31) (0.68) (1.06)

Professionals 9.3e−04 2.0e−04 3.0e−04 3.1e−05 − 8.6e−05
(0.60) (0.20) (0.30) (0.11) (− 0.47)

Foreign − 3.1e−03*** 1.0e−03 1.2e−03* − 2.0e−04 − 6.6e−04***
(− 2.88) (1.45) (1.68) (− 1.30) (− 3.99)

LocalComp 2.3e−03*** 0.051*** 0.05*** 1.1e−03 4.3e−04
(2.83) (8.83) (8.80) (0.88) (0.59)

GradProfShare 0.012*** 5.8e−03*** 5.8e−03*** − 2.8e−04 − 1.6e−03***
(5.76) (4.52) (4.43) (− 0.78) (− 4.16)

PopDensity 0.74*** 0.29*** 0.34*** − 0.064*** − 0.053**
(3.94) (2.99) (3.48) (− 3.03) (− 2.26)

UnempRate − 9.5e−03*** − 2.6e−03*** − 2.6e−03*** − 1.6e−04 − 1.5e−04**
(− 12.50) (− 5.51) (− 5.38) (− 1.27) (− 2.17)

IncGrowth 1.7e−03*** 2.9e−04 2.8e−04 − 2.3e−06 2.5e−05
(4.24) (1.07) (1.08) (− 0.03) (0.69)

R2 0.781 0.586 0.611 0.094 0.294

Weak ID test 11.295 11.113 11.113 11.113 11.113

OverId test (Hansen
J)

0.571 0.112 0.139 0.904 0.396

Endogeneity test χ2 0.639 0.290 0.153 0.298 0.010

t-stat in parentheses; number of observations 5413; all models include MSA and year fixed effects; the instrument set consists of Regress_M
and a Lewbel-generated instrument

***Significant at 0.01 level; **significant at 0.05 level; *significant at 0.1 level
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We now consider alternative scenarios that potential-
ly can lead to the relationships described in (9)–(12)
explicitly taking into consideration their spatial nature.
The positive relationship between expected profits in the
high-tech services sector and knowledge generation
might come through at least two channels. First, knowl-
edge discovery (measured by patenting intensity) is
usually a lengthy and cost-intensive process, which is
likely to indicate an expanding market that can attract
entrants to high-tech services ready to cater to industries
engaged in R&D of new products and technologies, as
well as to their employees. Alternatively, as utility pat-
ents are granted for a discovery or an invention of a
useful manufacturing process, machine, or a material, it
is plausible that new goods improving the quality, speed,
and the variety of high-tech services being offered are
patented and implemented in practice, increasing the
profitability of high-tech service firms. Such

mechanism, however, fails to explain the spatial nature
of the empirically documented relationships because it
is less likely to be locally bound.

The lowering entry barriers in the high-tech nongoods-
producing industries as a result of knowledge production
are plausible in at least one scenario. In the spirit of the
KSTE, if expanding R&D activities of incumbent firms
(which result into increased metropolitan patenting inten-
sity) require more resources and intermediate inputs from
high-tech services, current employees might choose to
seize this opportunity and start up a firm that would service
their prior employer and its competitors if they require the
same type of high-tech services. Since former employees
are likely to possess extensive expertise and be well con-
nected in the industry of their prior employment, the newly
minted entrepreneurs would be in a favorable position to
provide high-tech services that match their clients’ expec-
tations in terms of quality, technicality, timing, and other

Table 4 OLS fixed-effect estimation results for firm entry

Total firm
entry

High-tech firm
entry

High-tech nongoods firm
entry

High-tech goods firm
entry

NAICS334 firm
entry

Patents (ln) − 6.9e−03 7.3e−03 .014 − 8.9e−03*** − .013***
(− 0.39) (0.56) (1.16) (− 2.63) (− 3.26)

IndDiversity .063** .013 .014 1.1e−03 2.4e−03
(2.00) (0.98) (1.05) (0.22) (0.82)

HighTechDiversity 2.0e−03 .013*** .013*** 1.3e−04 2.2e−05
(0.69) (5.68) (5.42) (0.28) (0.08)

Professionals 9.4e−04 8.8e−05 1.5e−04 7.7e−05 3.2e−05
(0.40) (0.06) (0.11) (0.17) (0.12)

Foreign − 3.1e−03* 1.1e−03 1.3e−03 − 1.8e−04 − 6.7e−04***
(− 1.89) (1.21) (1.38) (− 1.06) (− 3.16)

LocalComp 2.3e−03*** .051*** .05*** 9.4e−04 3.9e−04
(2.91) (5.46) (5.32) (0.71) (0.48)

GradProfShare .012*** 6.3e−03*** 6.3e−03*** − 2.3e−04 − 1.8e−03***
(4.79) (4.72) (4.34) (− 0.51) (− 3.53)

PopDensity .75** .29** .35*** − .064** − .055*
(2.21) (2.29) (2.69) (− 2.26) (− 1.73)

UnempRate − 9.5e−03*** − 2.7e−03*** − 2.6e−03*** − 1.2e−04 − 7.9e−05
(− 7.92) (− 3.31) (− 3.20) (− 0.98) (− 1.06)

IncGrowth 1.7e−03*** 2.9e−04 2.9e−04 − 1.1e−05 1.5e−05
(3.70) (0.90) (0.91) (− 0.14) (0.49)

R2 within 0.781 0.586 0.612 0.097 0.317

R2 between 0.077 0.561 0.546 0.000 0.341

R2 overall 0.236 0.567 0.562 0.002 0.063

t-stat in parentheses; number of observations 5413; all models include MSA and year fixed effects

***Significant at 0.01 level; **significant at 0.05 level; *significant at 0.1 level
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important dimensions that often require an insider experi-
ence. Besides, starting a business in an upstream or down-
stream industry is more likely not to be covered by
noncompete clause of the employment contract with for-
mer employer.

The declining expected profits in the high-tech
goods-producing sector as a result of increased knowl-
edge generation are not as plausible because patents
may more successfully guard a good-producing firm’s
intellectual property and larger entry barriers such as
capital requirements may allow more pricing power.
Thus, we disregard such a possibility here. Besides the
pricing power arguments, knowledge production may
be very likely to raise entry barriers in the high-tech
goods-producing industries. As new products become
more and more sophisticated, setting up a new firm that
would bring these products to the market requires more
financial resources, professionalization of the firm, and
development of a diverse set of competences, which are
likely to be beyond the ability of a newly established
company and is likely to make obtaining initial financ-
ing more challenging (Vatne 2017).

In addition, the more knowledge is being produced in a
region, the more incentive incumbents would have to bind
their employees with contracts that include noncompete
clauses limiting the ability to switch employers and start
new firms (at least locally). In regions and countries where
noncompete clauses are not legally enforceable (e.g., in
California) or where imposing such limitations is expen-
sive for an employer (e.g., if incumbent firms are obliged
to pay lost wages to former employees), the KSTE is likely
to hold. Perhaps for this reason, European studies, even at
more disaggregated sectoral level, tend to conclude that the
KSTE is able to explain firm entry. In other settings (e.g.,
US MSAs outside of California), however, institutional
arrangements (enforceability of the covenants not to com-
pete) and common business practices (the prevalence of
noncompete clauses) are likely to create legal barriers for
potential entrepreneurs in their attempts to bring unused
ideas to market. The KSTE ignores such possibilities,
assuming unconstrained exit opportunities for employees,
which is, in our view, a major limitation of the theory.

7 Conclusions

This paper presents a systematic empirical test of the
knowledge spillover theory of entrepreneurship for US
MSAs. Using the 1997–2011 data, we estimate the

effects of knowledge production on total business entry
and business entry in high-tech industries overall, high-
tech nongoods-producing industries, high-tech goods-
producing industries, and in computer and electronic
product manufacturing. While the effects of metropoli-
tan knowledge generation on total business entry are
insignificant, in the high-tech subsectors, it has statisti-
cally significant (in most specifications) but divergent
effects. In the models explaining total high-tech firm
formation and firm formation in high-tech services, the
effect of knowledge is positive in our main specification
(in line with the previous empirical tests of the KSTE).
On the contrary, in the high-tech goods-producing sec-
tor, and in the computer and electronic product
manufacturing industry in particular, increased knowl-
edge generation suppresses firm entry. Overall, the
drivers of firm formation are likely to differ between
high-tech goods- and nongoods-producing sectors. We
develop a simplified theoretical framework and present
likely explanations for the observed relationships.

Our theoretical explorations coupledwith empirical
results suggest that the followingmechanisms aremore
likely to be behind the relationships documented in this
study. First, knowledge generation measured by
patenting intensity is likely to expand market opportu-
nities in high-tech services (via higher expected profits
and potentially via lower entry barriers for entrepre-
neurs who used to be employed in knowledge-
generating industries), thus explaining the positive ef-
fect found in the main analysis here and in previous
studies in comparable contexts. In the high-techgoods-
producing industries, the decreased entry as a result of
more intensive patenting is likely to stem from inten-
sified competition with more technologically ad-
vanced incumbents, increasing costs of starting a new
business able to compete against existing firms and
potentiallymore restrictive noncompete clauses of em-
ployment contracts. The results also show that the
increased business formation in high-tech services as
a result of knoweldge generation is large enough to
counterbalance decreased firm entry in high-tech
goods-producing industries in a region (where signifi-
cant effects are detected). Further empirical work is
needed to test the hypothesized mechanisms in order
to gain deeper understandingof the processes that drive
the impacts of regional knowledge generation on busi-
ness formation across high-tech industries. In particu-
lar, sorting out the relative roles of labor market effects
versus knowledge spillovers, as well as legal barriers
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such as liberal patenting laws and noncompete agree-
ments that reduce workforce mobility and limit new
competition, is critical in providing more reliable pol-
icy advice. Indeed, such policies may be so protective
of intellectual property rights that an unintended con-
sequence might be net reductions in innovation and
economic growth.

Funding information We appreciate the partial support of US
Department of Agriculture the Agriculture and Food Research
Initiative grant #11400612 BMaximizing the Gains of Old and
New Energy Development for America’s Rural Communities.^

Appendix

Table 5 Summary of the variables and their data sources

Variable Measurement Source

Births (ln) Total number of business start-ups in a MSA per 1000 residents (log) BITS

High-Tech Births (ln) Total number of high-tech business start-ups in a MSA per 1000 residents (log) BITS

High-Tech Nongoods
Births (ln)

Total number of high-tech business start-ups in nongoods-producing sector in a MSA per 1000
residents (log)

BITS

High-Tech Goods Births
(ln)

Total number of high-tech business start-ups in goods-producing sector in a MSA per 1000
residents (log)

BITS

NAICS334 Births (ln) Total number of computer and electronic product manufacturing business start-ups in a MSA per
1000 residents (log)

BITS

Patents (ln) Number of patents filed by inventors residing in a MSA (by first inventor listed on a patent) per
1000 residents (log)

US PTO; US
Census

PatMix Expected patenting level in MSA based on national patenting by industry and MSA industrial
composition

EMSI, UP
PTO

HighTechNGEmpShare
(ln)

Number of employees in high-technology services per 1000 employed (log) EMSI

HighTechEmpShare (ln) Number of employees in high-technology industries per 1000 employed (log) EMSI

HighTechGEmpShare
(ln)

Number of employees in high-technology manufacturing per 1000 employed (log) EMSI

IndDiversity Entropy index calculated for all four-digit NAICS industries in MSA EMSI

HighTechDiversity Entropy index calculated for high-tech four-digit NAICS industries in MSA EMSI

LocalComp (US) A standardized measure of the number of firms per employee EMSI

LocalComp
(High-Tech)

A standardized measure of the number of high-tech establishments per high-tech employee EMSI

Professionals Number of employees in NAICS52 (Finance and Insurance), NAICS54 (Professional Services),
NAICS55 (Management of Companies and Enterprises) per 1000 employed

EMSI

Foreign Percent of foreign-born population US Census

GradProfShare Share of adults with professional or graduate degree US Census

PopDensity Population in 1000/land area US Census

UnempRate Unemployment rate BLS

IncGrowth Percent change in inflation-adjusted personal per capita income BEA
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Table 6 Summary statistics for the variables used in estimation

Mean St. dev Min Max

Dependent variables

Births (ln) 1.20 0.21 0.58 2.09

High-Tech Births (ln) 0.17 0.10 0.00 0.83

High-Tech Nongoods Births (ln) 0.16 0.09 0.00 0.78

High-Tech Goods Births (ln) 0.01 0.02 0.00 0.25

NAICS334 Births (ln) 0.00 0.01 0.00 0.13

Explanatory variable and instruments

Patents (ln) 0.18 0.18 0.00 1.69

PatMix 7.18 0.56 3.36 8.89

HighTechNGEmpShare (ln) 1.59 0.41 0.65 2.90

Control variables

IndDiversity 4.46 0.28 2.56 4.93

HighTechDiversity 7.51 2.26 2.06 15.79

LocalComp (US) 0.96 0.56 0.39 37.03

LocalComp (High-Tech) 1.12 0.43 0.29 4.06

Professionals 8.60 3.23 2.45 25.96

Foreign 6.16 6.14 0.39 36.34

GradProfShare 8.01 3.56 2.52 29.04

PopDensity 0.09 0.10 0.00 0.94

UnempRate 5.89 2.78 1.26 29.66

IncGrowth 7.28 4.40 − 30.69 56.54

Alternative instruments

HighTechEmpShare (ln) 4.10 0.49 2.35 5.85

HighTechGEmpShare (ln) 1.10 0.52 0.02 2.97

Table 7 VIF statistics

Total firm entry model High-tech firm entry models

Patents (ln) 1.97 1.97

IndDiversity 1.67 1.66

HighTechDiversity 2.41 3.99

Professionals 2.59 2.79

Foreign 1.74 1.76

LocalComp 1.03 1.87

GradProfShare 2.18 2.30

PopDensity 1.58 1.58

UnempRate 2.76 2.75

IncGrowth 2.12 2.14

Average VIF 2.03 2.14

All models include year fixed effects; VIF for the four models of high-tech business entry (total, nongoods, goods, NAICS334) are identical
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Table 8 First-stage estimation results (Patents (ln) is the dependent variable)

Total firm entry model High-tech firm entry models

PatMix 0.066***
(6.91)

0.065***
(6.87)

HighTechNGEmpShare 0.055***
(3.71)

0.056***
(3.74)

IndDiversity 0.100***
(4.47)

0.100 ***
(4.45)

HighTechDiversity − 0.016***
(− 4.66)

− 0.021***
(− 5.18)

LocalComp 0.000
(0.48)

− 0.024***
(− 3.32)

Professionals − 0.001
(− 0.76)

− 0.001
(− 0.57)

Foreign 0.005***
(3.21)

0.005***
(3.22)

GradProfShare 0.023***
(8.71)

0.023***
(8.74)

PopDensity 0.091
(0.45)

0.112
(0.55)

UnempRate 0.002***
(3.05)

0.002***
(3.36)

IncGrowth − 0.001***
(− 3.69)

− 0.001***
(− 3.8)

F test of excluded instruments 25.27
(0.000)

25.15
(0.000)

Year dummies are included in both models; partial R2 of excluded instruments is 0.03

Table 9 3SLS estimation results for firm entry

Total firm
entry

High-tech firm
entry

High-tech nongoods firm
entry

High-tech goods firm
entry

NAICS334 firm
entry

First-stage results

PatMix .12*** .12*** .12*** .12*** .12***

(32.10) (32.09) (32.08) (32.10) (32.10)

HighTechNGEmpS-
hare

.17*** .17*** .17*** .17*** .17***

(32.46) (32.48) (32.50) (32.47) (32.48)

Constant − .95*** − .95*** − .95*** − .95*** − .95***
(− 36.40) (− 36.39) (− 36.39) (− 36.40) (− 36.40)
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