Research Policy 49 (2020) 104062

Contents lists available at ScienceDirect

Research Policy
journal homepage: www.elsevier.com/locate/respol

Different founders, different venture outcomes: A comparative analysis of
academic and non-academic startups☆

T

Maria P. Rochea,b, Annamaria Contic, Frank T. Rothaermel⁎,b
a

Harvard Business School, Harvard University, Morgan Hall 233, Boston, MA 02163
Scheller College of Business, Georgia Institute of Technology, Atlanta, GA 30308, USA
c
University of Lausanne (HEC), Lausanne CH-1015, Switzerland
b

ARTICLE INFO

ABSTRACT

Keywords:
Innovation
Occupational imprinting
Academic startups
Non-academic startups
Founder heterogeneity

What role do differences in founders' occupational backgrounds play in new venture performance? Analyzing a
novel dataset of 2998 founders creating 1723 innovative startups in biomedicine, we find that the likelihood and
hazard of achieving a liquidity event are lower for academic than for non-academic startups. However, academic
startups produce as many patents and receive as much funding as non-academic startups, suggesting that the
observed differences in achieving a liquidity event are not driven by differential invention performance.
Exploiting heterogeneity among academic startups, we also find that differences between professor and student
startups do not explain academic startups' comparatively low performance on the exit market vis-à-vis nonacademic startups. Yet, startups founded by superstar professors perform similarly to non-academic startups on
the exit market for new ventures, and better than startups founded by highly productive professors but without
external certification.

1. Introduction
How do differences in founders' occupational backgrounds relate to
new venture performance? Prior studies have shown that the char
acteristics of the occupations individuals choose can have an important
and enduring effect on individuals capabilities and any resulting com
parative advantages (Bercovitz and Feldman, 2007). This imprinting
effect persists over time, including when individuals transition into
entrepreneurship (Colombo and Piva, 2012).
Extant literature has related new venture performance outcomes to
founders' employment histories within specific institutional contexts
(e.g., Campbell et al., 2012; Chatterji, 2009; Elfenbein et al., 2010;
Fuller and Rothaermel, 2012; Gregorio and Shane, 2003; Zucker et al.,
2002). However, our knowledge about how differences in founders’
occupational backgrounds spanning multiple institutional contexts such as academia and industry - impact new venture performance

remains limited. This is an important gap given that differences in in
stitutional environments may lead entrepreneurs to systematically
pursue distinct technologies and commercialization strategies. These
fundamentally different approaches (Powell and Colyvas, 2008;
Thornton and Ocasio, 1999) could then result in heterogeneity across
innovative startups in terms of their subsequent performance. Evidence
of heterogeneity across innovative startups, in turn, has policy im
plications as our understanding grows that one-size-fits-all policies
appear to be suboptimal, and more nuanced approaches in attempting
to induce entrepreneurship and innovation may be warranted
(Colombelli et al., 2016).
To advance our understanding of the relationship between hetero
geneity in founders' occupational backgrounds spanning distinct in
stitutional settings and new venture performance, we examine founders
and their startups operating in two innovative sectors: biotechnology
and medical devices (“biomedicine”). These sectors are R&D- and
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innovation-intensive, and thus provide important contributions to de
veloped economies' employment and economic growth (Antonipillai
and Lee, 2016). Moreover, the role of occupational imprinting in bio
medicine appears especially relevant given that the creation and com
mercialization of new technologies often require a bundle of tacit
knowledge, complex skills, and expertise that founders acquire over
years spent in their occupational training (Colombo and Grilli, 2010).
In the classical Schumpeterian sense, we propose that academic
founders have a comparative invention advantage while industry foun
ders have a comparative innovation advantage.1 As such, we set out to
assess how academic and non-academic founders' comparative ad
vantages translate into new venture performance. Our ex-ante con
jecture is that academic founders have a comparative advantage in the
production of new knowledge and technologies. In contrast, we submit
that founders with an industry background are more likely to have a
comparative advantage along the commercialization dimension (i.e.,
transforming new technologies into viable products and services).
To evaluate the proposed comparative advantages held by different
types of ventures along the knowledge conversion process from in
vention to innovation, we develop our empirical analysis in two parts.
We begin by distinguishing between academic and non-academic
startups. Successively, we exploit fine-grained heterogeneity within the
category of academic startups to explore possible mechanisms behind
the observed performance differentials between academic and nonacademic startups. We thereby attempt to unpack the black box of
academic startups to gain a deeper understanding about how academic
startups, in general, and how different types of academic ventures, in
particular, perform in comparison to non-academic startups.
For our empirical analysis we build on Conti and Roche (forth
coming) and examine a sample of 2998 founders from different occu
pational backgrounds who created 1723 startups between 2005 and
2012. We draw the sample of startups from Crunchbase, which contains
detailed information regarding the startups' sectors of operation,
founding dates, founder biographies, financing rounds, and exit events.
We complement these initial data with several other sources, such as
VentureXpert, the US Patent and Trademark Office (USPTO), Scopus,
Web of Science (WoS), LinkedIn, as well as the companies' websites,
generating a unique and rich dataset of startups, their founding teams,
and new venture performance outcomes.
Our results reveal several interesting patterns. We show that aca
demic startups produce as many patents and receive as much funding as
non-academic startups. However, the likelihood and hazard of
achieving a liquidity event (i.e., an initial public offering (IPO) or ac
quisition) are lower for academic than for non-academic startups.
Together, these results suggest that academic and non-academic
startups do not differ along the invention dimension. However, it ap
pears that startups founded by academics take longer to exit than those
created by non-academic startups suggesting differences along the in
novation dimension.
We next examine heterogeneity within the category of academic
startups to assess whether professor startups hold a comparative in
vention advantage relative to student startups, and, if so, whether this
translates into differential performance outcomes. The results indicate
that although students start ventures with fewer patents than pro
fessors, student startups are as likely and as quick to experience a li
quidity event as professor startups. These results suggest that although
professor and student startups' may differ in terms of the types of
projects they pursue, their innovation outcomes are similar.
Finally, we explore heterogeneity within the category of startups
founded by professors to assess which factors may help academic
startups close the observed commercialization gap with non-academic
startups. Specifically, we assess whether certification by an external,

renowned institution such as the Nobel Prize Committee might coun
terbalance the comparative innovation disadvantage of academic
founders. We compare the performance outcomes of startups initiated
by professors with external certification to startups founded by simi
larly productive professors but without such external certification. Our
results show that startups founded by highly productive professors with
external certification - that is, academic superstars, perform as well as
non-academic startups on the exit market (i.e., IPO or acquisition). This
suggests that startups created with the involvement of a superstar
professor can close the commercialization gap we detect for academic
startups relative to non-academic startups.
2. Conceptual framework
The occupations individuals pursue shape their mental models,
capabilities, skills, and expertise in a way that reflects the character
istics of each unique work environment (Burton and Beckman, 2007).
This effect has been suggested to be a result of imprinting
(Stinchcombe, 1965), which persists over time and affects subsequent
decisions and behavior. Prior research focusing on Silicon Valley hightech startups has documented how the mental models and initial de
cisions of founders during the genesis of new ventures persist over time
and thus influence subsequent organizational performance (Baron
et al., 1999). More recent work has provided evidence that this im
printing effect persists even when individuals transition to new occu
pations, including when they start new ventures (Colombo and Piva,
2012).
Generally, individuals choose occupations from which they derive
the highest expected utility (Roach and Sauermann, 2010; Stern, 2004).
The characteristics of the occupations individuals pursue have an en
during influence on their accumulated tacit knowledge, capabilities,
and beliefs (Minola et al., 2013). These differences in cognition shape
individuals' comparative advantages (Bercovitz and Feldman, 2007;
Simsek et al., 2015). Moreover, the observed differences in cognition
tend to persist even when individuals switch jobs, including when
making the transition into entrepreneurship (Colombo and Piva, 2012;
McEvily et al., 2012). As such, occupational imprinting has been
documented to shape founders' behaviors (Powell and Sandholtz, 2012)
as well as their capabilities and resources (Colombo and Piva, 2012).
Further research theorizes that these behaviors, resources, and cap
abilities find their expression in the development of distinct organiza
tional structures, routines, and processes in founders' new ventures
(Bryant, 2014). Such research also provides empirical evidence showing
that organizational practices are, indeed, transferred from parent
companies to spawns via their founders (Feldman et al., 2019). Despite
these contributions, however, little is known about how occupational
imprinting of founders influences the early stage performance of
startups (Hahn et al., 2018).
Extant literature, moreover, has examined how different career
backgrounds of founders relate to startups' performance outcomes
within specific institutional contexts (e.g., Chatterji, 2009; Gregorio
and Shane, 2003; Zucker et al., 2002). This literature distinguishes, for
example, between characteristics such as the size of firms spawning
new ventures (Elfenbein et al., 2010), industry affiliation of previous
employers (Chatterji, 2009), the relative quality of employees within
the source firm (Campbell et al., 2012), and the prominence of founders
(Fuller and Rothaermel, 2012). The focus of this line of research,
however, has largely been confined to a single institutional setting
when examining the influence of founders' occupational backgrounds
on subsequent new venture performance. As a consequence, our
knowledge regarding how startups initiated by founders hailing from
occupations with distinct institutional backgrounds fare in comparison
to each other, or regarding the capabilities and resources that may
matter for explaining any resulting performance differentials is still
limited (Agarwal and Shah, 2014; Wennberg et al., 2011).

1
We follow the definition of innovation as commercialized invention as put
forward by Schumpeter (1934).

2
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2.1. Academic versus non-academic founders

distinction between academic and non-academic entrepreneurs. In
particular, we focus on academic startups given that the extant litera
ture has highlighted important nuances in the way distinct actors
within academia produce and disseminate new knowledge (Sauermann
and Stephan, 2013). Therefore, we ask: How do differences among
founders of academic startups influence their comparative advantage
and subsequent new venture performance relative to non-academic
startups?

The main distinction we make in this paper is between academic
and non-academic founders. Since the Bayh-Dole Act of 1980, the
number of academic startups has increased rapidly in the US
(Audretsch, 2014; Rothaermel et al., 2007), thereby, representing a
fundamental engine for innovation, especially in knowledge-intensive
areas (Acs and Audretsch, 1990; AUTM, 2016). Notwithstanding, aca
demic founders differ from non-academic founders with respect to the
type of knowledge they possess, their capabilities, and resulting beha
viors. One reason for these differences is that academic founders un
dergo extensive technical training relative to non-academic en
trepreneurs (Fini et al., 2017), and as such, specialize in scientific
problem solving (Schilling and Green, 2011). In comparison to venture
founders with an industry background, academic founders tend to ex
hibit a relatively larger stock of scientific knowledge, have generally
better access to specialized equipment and instruments, as well as ex
posure to the latest ideas and research findings, all else being equal.
Academic founders typically create and develop the technologies un
derlying their new ventures within their own laboratories (Colombo
and Piva, 2012). The insights academic founders obtain from their
experiments allow them to gain intimate and often tacit knowledge
about when and why a technology may succeed or fail (Fuller and
Rothaermel, 2012). Combining these arguments, ceteris paribus, aca
demic founders should exhibit higher levels of expertise as well as
greater experience pertaining to basic research and novel technologies
relative to non-academic founders. Having received extensive training
in the basic sciences and research in academic laboratories over many
years (Stephan, 2012), academic founders, therefore, should possess a
comparative advantage in producing new knowledge and technologies
relative to non-academic founders.
A further reason why academic and non-academic founders differ is
that academic founders spend the bulk of their careers within the
university setting or comparable research institutions. The university
research setting and commercial setting are fundamentally different
along many dimensions, which find their expression in different orga
nizational structures and reward systems as well as in different orga
nizational cultures. For instance, academic founders might pursue
projects that are more early-stage than those of non-academic founders,
thus, prolonging the time to exit (Aghion et al., 2008). Furthermore,
academic founders may have lower levels of experience with regulatory
(Roberts, 1991), commercial (Colombo and Piva, 2012) and managerial
functions (Brüderl et al., 1992; Rothaermel and Thursby, 2005), as well
as exhibit less expertise in connecting their inventions with com
plementary assets often required for successful innovation (Rothaermel,
2001; Teece, 1986). In contrast, given their occupational background in
industry, non-academic founders will likely possess relevant market
knowledge (Agarwal and Shah, 2014; Hahn et al., 2018), which could
expedite the commercialization process.
Given these arguments, we conjecture that academic founders ex
hibit a comparative advantage vis-à-vis non-academic founders in
producing new knowledge and technologies (invention), while nonacademic founders have a comparative advantage vis-à-vis academic
founders in terms of bringing new technologies to the market (in
novation). We suggest that the differences in occupational imprinting
between academic and non-academic founders may result in distinct
comparative advantages, which in turn motivate the guiding question
of this paper: How do distinct comparative advantages of academic
versus non-academic founders translate into startup characteristics and
early venture performance?

2.3. Professor versus PhD student founders
The first distinction we make among academic founders is between
professors and PhD students. Previous literature attributes a critical,
often complementary role in entrepreneurship to both professors and
students (Boh and Strom, 2016; Roberts, 1991). Professors and stu
dents, however, differ from each other in terms of their knowledge,
capabilities, and projects they pursue. For instance, professors and
students have distinct stocks of knowledge and expertise (Murray 2004;
Stephan, 2012). Based on cumulative experience, professors, on
average, possess deeper scientific expertise than students (Müller,
2010). As such, professors may leverage their accumulated knowledge
capital to develop more promising technologies and to attract investors
(Fuller and Rothaermel, 2012).
It is also important to stress that professor and student founders are
likely to engage in different types of startups (Gans and Stern, 2017).
Studies have highlighted that students are faced with relatively lower
opportunity costs of entrepreneurial entry than professors given dif
ferences in the characteristics of their occupations (Ching et al., 2018).
Unlike professors, students do not hold well-paid, tenured faculty po
sitions and are, therefore, more sensitive to business cycles. As such,
students have lower opportunity costs for transitioning into en
trepreneurship, which may also lower the quality threshold of turning
their ideas into new ventures (Conti and Roche, forthcoming).
2.4. Heterogeneity among professor founders
The second distinction we make within academia is between aca
demic superstars and other types of academic founders. Prior literature
suggests that academic superstars may have a comparative commer
cialization advantage vis-à-vis other founders (e.g., Fuller and
Rothaermel, 2012; Higgins et al., 2011). As put forward by Rosen
(1981) in his seminal work on the economics of superstars, one reason
for this advantage could be that superstars are endowed with (un
observable) inherent superior talent or quality, which can be applied to
a range of activities such as making fundamental breakthroughs in basic
sciences, but also to starting businesses (Feldman et al., 2019; Stuart
and Ding, 2006).
An alternative reason could be that, all else equal, the external
certification academic superstar founders receive by winning presti
gious prizes or by becoming members of an elite group, may help them
overcome information asymmetries related to their technologies
(Megginson and Weiss, 1991). Especially given the inherent opaqueness
about startups’ underlying quality (Conti et al., 2013a; 2013b), the
certification these academic superstar founders receive may be an im
portant channel that allows potential investors to assess the quality of a
given startup. Given that academic founders lack commercialization
experience (Jensen and Thursby, 2001; Rothaermel and Thursby, 2005)
and tend to pursue early-stage technologies (Aghion et al., 2008),
quality signals such as conveyed by stardom may play an important role
in closing the commercialization gap between academic and non-aca
demic startups (Spence, 1973).

2.2. Heterogeneity among academic founders
To gain further insights into how founders' occupational back
grounds and any resulting comparative advantages may affect startup
outcomes, we examine heterogeneity among founders beyond the
3
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startup using the same secondary sources listed above. We further
complemented the data available from Crunchbase with startup patent
information retrieved from Thomson Innovation (now Clarivate
Analytics). We additionally collected fine-grained information for aca
demic founders from Scopus, Web of Science (WoS), university web
sites, and other sources. These data consist of information on university
affiliation(s), the individual’s academic position (PhD student, postdoc,
(untenured) assistant professor, and (tenured) professor), their pub
lication output, as well as whether the individual founder is a Nobel
Prize Laureate (Nobel), a member of the National Academy of Sciences
(NAS), or a Highly Cited Researcher (HCR).2

3. Data
3.1. Data sources and construction
We assembled the data for the empirical analyses by drawing from
various sources, which enabled us to create not only a novel dataset,
but also to tailor it for our analyses. We constructed the main dataset
from the population of US startups listed on Crunchbase, an online
directory of startups, their employees and investors (used in recent
prior work, see for example, Wu (2016) and Conti and Roche (forth
coming). Crunchbase records extensive information on the founding
members, startups' sectors and technologies, founding date, financing
rounds, and employee biographies. A substantial component of the data
is collected by Crunchbase staff, while the remaining portion is
crowdsourced and subsequently reviewed. An important advantage of
Crunchbase is that the database provides a larger coverage of tech
nology startups than traditional databases such as VentureXpert and
VentureSource, both of which focus on venture capital-funded startups
only (Block and Sandner, 2009). In addition, Crunchbase is synchro
nized with AngelList, thus providing a more comprehensive coverage of
startup financing. Moreover, in contrast to the more traditional data
bases, Crunchbase provides information regarding startups seeking
capital, but that have not necessarily succeeded in raising any funds.
This feature is an important advantage for our study as it limits po
tential selection and survivor bias.
From the list of Crunchbase startups established in the United
States, we retained those operating in biomedicine (that is, bio
technology and medical devices). Biomedicine is a particularly in
novative and knowledge intensive area (Kenney, 1986; Zucker et al.,
1998; Stephan, 2012) and, as such, provides important contributions to
developed countries' employment and economic growth (Antonipillai
and Lee, 2016). Moreover, biotechnology and medical devices are
especially relevant because both the production and the commerciali
zation of new technologies require a set of complex skills and expertise
that founders can acquire through their prior occupations (Colombo
and Grilli, 2010). Indeed, given the tacit nature of the knowledge
needed for the invention and commercialization of new technologies, it
is only through years of ’on-the-job training’ that such skills can be
acquired. Since Crunchbase’s coverage of startups has been validated to
be accurate in more recent years (Wu, 2016), we only retained startups
founded after 2004. Furthermore, we excluded those startups founded
after 2012 to provide sufficient time to evaluate startups' performance
outcomes.
As any other dataset of startups, Crunchbase has incomplete cov
erage of founders. To verify and increase the set of founder identities,
we conducted additional searches in a comprehensive fashion. Using
information available primarily from each startup’s website, LinkedIn,
and Bloomberg, we were able to identify the founding team for 1790 of
the 2064 companies (87%). The average number of founders per startup
is approximately two, which is in line with other studies examining
early-stage startups (Ewens and Marx, 2018; Kaplan et al., 2009). We
excluded 116 founders who resided outside of the US at the time their
company was established and their respective startups to ensure com
parability across startups avoiding the introduction of biases that may
stem from country-specific characteristics. We further dropped 30
startups created by founders that we could not classify as purely aca
demic or non-academic. These ’other founders' are university adminis
trative staff who work in the institutional environment of academia, but
whose job is regulated by different norms, requires other training, and
follows distinct career trajectories than those of professors and PhD
students.
The final sample is composed of 1723 companies and 2998 foun
ders. All the individuals in our dataset are the original founders of their
respective startups, but hail from different occupational backgrounds.
For each of these founders, we collected detailed information regarding
their occupation, education, and gender prior to establishing a given

3.2. Descriptive statistics
Fig. 1 presents the distribution of employment categories among the
founders in our sample: 9.8% are students,3 22.5% are university pro
fessors, three percent are university administrative staff, and the re
maining 64.7% are firm employees.4 Turning to descriptive statistics for
the 1723 startups founded by the entrepreneurs in our sample (Table 1),
we note that 1231 (71%) operated in biotechnology, while 492 (29%)
were active in the medical device sector.
We define an academic startup as a new venture that was founded
by at least one professor or at least one student affiliated with a uni
versity at the time of founding. Approximately 39% of the new ventures
created in biomedicine are academic startups (highlighting the role
academic startups play in these innovation-intensive sectors), while
61% of the new ventures in biomedicine were non-academic startups.
Nine percent of the new ventures in our sample are startups founded by
at least one student, but no professors, and 30% were founded by at
least one professor.
Startups created by superstar professors account for five percent of
the new ventures in our sample. This category of superstar professors
includes Nobel Prize Laureates, members of the National Academy of
Sciences, and WoS' Highly Cited Researchers.5 Of the startups in our
sample, six percent were founded by professors who are in the 75th
percentile in terms of their publication output, but who were not ex
ternally endorsed by any of the above-mentioned institutions.
The average amount of funds a startup raised within five years of
their inception is $12.66 million. Not surprisingly, the amount of
funding startups raise is skewed as the median of $0.26 million in
dicates. Within the sample of startups, 35% received VC funding, within
five years of their inception. The average number of US granted patents
that startups applied for within three years of inception is 1.68. We find
that 14% achieved a liquidity event by May 2016.6 Nine percent of the
startups have at least one female founder, and 26% have at least one
founder who graduated from a top-tier university.7

2
The list of HCR is available at clarivate.com/hcr/researchers-list/archivedlists/ (accessed March, 2018).
3
The student category consists of predominately PhD students and postdocs.
Only 15 (0.8% of the initial sample) of the founders are individuals who had
just obtained their undergraduate university degree.
4
Thirty percent were previously employed in firms with more than 10 em
ployees, 10% previously worked at firms with 10 employees or less, and 24%
had previously worked as either a founder or a CXO of a startup. In this paper
we will not further exploit heterogeneity of firm employees given the focus of
the research question.
5
For descriptive statistics by founder type, please refer to the Appendix,
Table A1.
6
The average time to achieving a liquidity event lies at approximately 5.5
years.
7
We determine top-tier universities following the 2016 Academic Ranking of
World Universities (“Shanghai Ranking”, accessible at shanghairanking.com).
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Fig. 1. Founders’ occupational background.

and Graham, 2020; Townsend, 2015).8
The first outcome we examine, Patents, is the aggregate number of
US granted patents a startup applied for within three years of inception.
Following prior literature (Acs and Audretsch, 1989), we view the
number of patents as a proxy for a startup's knowledge and technology
stock, and therefore, inventive output. This is especially appropriate in
industries with strong science-technology linkages such as in biomedi
cine. By using patent application dates, we are measuring the timing of
an invention as close as possible. Moreover, by counting only those
patents that were granted from such applications, we condition on
valuable technologies (Conti and Graham, 2020). Given the highly
skewed distribution of the startups' number of patents, we log transform
this variable.
The second outcome is the amount of funding in US dollars a startup
raised (Funds). This variable is measured within five years of a startup's
inception. Given the highly skewed distribution of the amount of
funding startups raise, we also log transform this variable. The third
outcome, VC, is an indicator that equals one if the focal startup received
VC funding within five years of its inception and zero otherwise.
We distinguish these three intermediary performance outcomes
from the final outcome, which is an indicator for whether a focal
startup experiences a Liquidity Event. This dependent variable is fre
quently used to assess new venture performance (e.g., Eesley et al.,
2014; Nanda and Rhodes-Kropf, 2013; Townsend, 2015), and equals
one if the startup either went public via an initial public offering (IPO)
or was acquired. In further robustness checks, we recode this last per
formance indicator including only those acquisitions made by the top
five percent of acquirers as measured by their relative acquisition in
tensity (p95).
The variable ACADEMICi is our main variable of interest in Eq. (1).
This is an indicator that takes on a value of one if the startup was
founded by at least one professor and/or one student (enrolled in
academia at the time they became founders) and zero if the startup was
created by non-academic founders. The ACADEMICi coefficient thus
captures the relative difference in any of the outcomes in Eq. (1) that
can be ascribed to the occupational background of the founders, all else
equal.
The vector Xi encompasses the set of controls included in each of the
models. Time-varying controls are measured in the period preceding Yi.

Table 1
Summary statistics.

Academic startup
- Student/no professor
- At least one professor
- Professor - Nobel/NAS/HCR
- Professor - Top 75th pct.
Number patents
Amount of funds raised ($million)
VC (= 0/1)
IPO a/o acquired
Team size
At least one female founder
At least one top-tier university
Biotechnology sector
State unemployment rate
Startup age in 2015
Observations

Min

Mean

p50

max

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
1.00
0.00
0.00
0.00
2.61
3.00
1723

0.39
0.09
0.30
0.05
0.06
1.68
12.66
0.35
0.14
1.74
0.09
0.26
0.71
7.23
6.52

0.00
0.00
0.00
0.00
0.00
0.00
0.26
0.00
0.00
2.00
0.00
0.00
1.00
6.87
7.00

1.00
1.00
1.00
1.00
1.00
145.00
507.00
1.00
1.00
7.00
1.00
1.00
1.00
13.78
10.00

4. Regression results
We now turn to the empirical analysis to understand how startups
initiated by founders with different occupational backgrounds fare in
comparison to each other. Moreover, we attempt to shed some light on
which types of capabilities and resources as passed on through in
stitutional imprinting may matter along the invention and innovation
process for explaining early stage performance differentials in new
technology ventures. We do this to answer our research questions of
how founders' occupational background relates to new venture per
formance, and what potential factors drive possible differences.
4.1. Academic versus non-academic founders
In Table 2, we report the results from estimating the relationship
between a founders' occupational background and a set of venture
outcomes. The regression equation we estimate is:

Yi = ACADEMICi + Xi + fState + fFounding

year

+ fSector +

i

(1)

Each observation corresponds to a given startup i. The dependent
variable Yi refers to the outcomes for startup i. To identify suitable
startup outcome measures we follow the existing literature that dis
tinguishes between innovative and financial outcomes (e.g., Hochberg
et al., 2007; Nanda and Rhodes-Kropf, 2013; Conti et al., 2019; Conti

8
Whenever we log transform a variable we add one - ln(x+1) - to take zero
outcomes into account.
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Table 2
Performance outcomes for academic versus non-academic startups.
Models
Liquidity event

ACADEMIC
Number patents (log)
Funds (log)
VC (= 0/1)
Team size (log)
At least one top-tier university
At least one female founder
State unemployment rate

(I)
Patents
(log)

(II)
Funds
(log)

(III)
VC
(= 0/1)

(IV)
Reduced

(V)
Full

(VI)
Reduced
p95

(VII)
Full
p95

−0.0534
(0.0390)

−0.415
(0.384)
0.501⁎⁎
(0.194)

−0.0411*
(0.0205)
0.107⁎⁎⁎
(0.0142)
0.0139⁎⁎⁎
(0.00126)

−0.0818⁎⁎⁎
(0.0170)

−0.0648⁎⁎⁎
(0.0101)

1.529⁎⁎⁎
(0.397)
0.524
(0.437)
0.981*
(0.493)
−0.204
(0.181)

0.0901⁎⁎⁎
(0.0210)
0.00268
(0.0222)
−0.0568
(0.0350)
−0.00439
(0.0170)

0.0542⁎⁎⁎
(0.0193)
0.0163
(0.0140)
−0.0664⁎⁎⁎
(0.0243)
−0.0170
(0.0105)

−0.0732⁎⁎⁎
(0.0186)
0.0373⁎⁎⁎
(0.0106)
0.000794
(0.00145)
0.103⁎⁎⁎
(0.0202)
0.0396⁎⁎
(0.0161)
0.0170
(0.0125)
−0.0619⁎⁎⁎
(0.0230)
−0.0138
(0.0101)

0.0411⁎⁎
(0.0168)
0.0116
(0.0115)
−0.0496⁎⁎⁎
(0.0139)
−0.00819
(0.00789)

−0.0568⁎⁎⁎
(0.0106)
0.0337⁎⁎⁎
(0.00949)
0.00116
(0.000968)
0.0930⁎⁎⁎
(0.0234)
0.0273*
(0.0150)
0.0120
(0.0108)
−0.0460⁎⁎⁎
(0.0138)
−0.00521
(0.00710)

0.000968
(0.00186)
0.297⁎⁎⁎
(0.0359)
0.00218
(0.0613)
−0.0450
(0.0309)
−0.00272
(0.0446)
−0.0423⁎⁎
(0.0194)

State FE
Founding year FE
Sector FE

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Observations
R-sq.

1723
0.121

1723
0.150

1723
0.181

1723
0.0931

1723
0.122

1723
0.0766

1723
0.108

Notes: All models are estimated using Ordinary Least Squares (OLS). Each observation corresponds to a given startup i. In column (I), the outcome Patents, is the
aggregate number of U.S. granted patents a startup applied for within three years of inception (expressed in natural logarithm). In column II, the outcome variable we
examine is the amount of funds a startup raised (expressed in natural logarithm). The outcome in column III, VC, is an indicator that equals one if the focal startup
received VC funding within five years of its inception and zero otherwise. The outcome in columns IV and V is an indicator that equals one if the startup either went
public via an IPO or was acquired by May 2016. In columns IV and VII, we recode this liquidity event indicator only including those acquisitions made by the top five
percent acquirers as measured by their relative acquisition intensity (p95). We cluster standard errors at the state level. Significance noted as: * p < 0.10, ⁎⁎ p < 0.05,
⁎⁎⁎
p < 0.01.

First, we include the number of founders a startup had at inception
(Team size), intended as a proxy for the size of a venture at founding.
We include the natural log transformation of this variable because the
number of founding members is highly skewed across startups.9 Next,
we use an indicator, At least one top-tier university, that equals one if at
least one founder had obtained their highest university degree at a toptier university and zero otherwise. A university is considered to be toptier if it ranks among the top-20 world universities, according to the
2016 Academic Ranking of World Universities. The variable At least one
female founder equals one if at least one founder is female. Additionally,
State unemployment rate is the unemployment rate measured during the
year a startup was founded in the US state in which the startup was
registered. This variable captures linear trends at the state and
founding-year level.
In this regression model, we control for state and founding-year
fixed effects (fState and fFounding year) to capture trends that may be spe
cific to the state in which founders are located and the year in which
they choose to start their company.10 The sector fixed effects (fSector)
consist of an indicator that equals one for startups operating in bio
technology, and zero for startups operating in medical devices. We in
clude this indicator variable to control for field-specific trends. In each
regression model, we cluster standard errors at the state level to ac
count for intra-group correlation.
Table 2 displays the results from estimating Eq. (1) for each of the

outcomes Yi mentioned above. Column I reports the estimation results
for the number of patents (Patents). Academic and non-academic
startups do not statistically differ in terms of the number of patents they
apply for within three years of inception (p-value: 0.179). VC funding is
a strong positive predictor of the number of patents, and the state un
employment rate negatively predicts the stock of patents a startup has.
Column II presents the results for the amount of funding a startup
raised within five years of its inception. As shown, the amount of
funding academic startups received does not differ significantly from
the amount of funding non-academic startups raised, all else equal (pvalue: 0.286). The log number of patents, team size, and having at least
one female founder instead positively and significantly predict the
amount of funds a startup raised. Finally, having a founding team
member who graduated from a top-tier university and the state un
employment rate at founding do not have a statistically significant ef
fect on the amount of funds raised.
Column III displays the results for the likelihood that a startup re
ceived VC funding. Here, academic startups are significantly less likely
to receive VC funding than non-academic startups. The magnitude of
the coefficient suggests that being an academic startup reduces the
likelihood of receiving VC funding by four percentage points, which
equates to a 11.4 percent decline relative to the mean. The controls
Funds, Number of patents, and Team size each positively predict the
likelihood that a startup receives VC funding, while all other controls in
the model are not statistically significant.
Column IV and V display the estimation results for the dependent
variable Liquidity Event. In column IV, we exclude the intermediary
startup outcomes we discussed earlier i.e., patents, the amount of funds
raised, and VC funding. In column V, we include these intermediary
startup outcomes as controls. The results displayed in column IV show

9

The results are not sensitive, however, to using different functional forms.
Founding-year fixed effects are stronger controls for age-related trends than
the age of a startup. In fact, these fixed effects do not constrain the relationship
between startup age and performance outcomes to a linear functional form.
10
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that academic startups are significantly less likely to experience a li
quidity event than non-academic startups. The magnitude of the effect
suggests that academic startups are 8.2 percentage points less likely to
exit via an IPO or an acquisition than non-academic startups. This re
presents a 58.6% decrease from the mean. This effect remains statisti
cally significant once we control for intermediary startup outcomes in
column V. As expected, these controls are positive predictors of a
startup's likelihood of achieving a liquidity event. Notably, the magni
tude of the ACADEMIC coefficient declines only slightly to 7.3 per
centage points relative to column IV. These results are robust to using a
more refined set of outcomes (columns VI and VII): IPOs and acquisi
tions made by the top 95th percentile of acquirers only (p95). These
results are also robust to substituting the indicator ACADEMIC with the
share of academics as reported in Table A2 of the Appendix.
Besides the differences we have highlighted, academic and nonacademic startups may also differ in the timing to achieve certain
milestones. Recent work in the entrepreneurship literature emphasizes
the importance of considering life-cycle contingencies when assessing
entrepreneurial performance (Clough et al., 2019; Maurer and Ebers,
2006). In response to this call, we additionally report the results from
estimating a Cox proportional hazard model for: i) the time (in years) to
a first financing round, and ii) the time to achieving a liquidity event (in
years) for each startup. The general model we estimate takes on the
following functional form:

(t|Zi ) =

0 (t ) exp (

ACADEMICi + Zi )

Table 3
Performance outcomes for academic versus non-academic startups: hazard of
raising first round of funds and experiencing a liquidity event.
Models
(I)
Time to first round

(II)
(III)
Time to liquidity
Reduced

Full

Hazard Ratios
ACADEMIC

0.969
(0.0593)
1.021
(0.0182)

0.556⁎⁎⁎
(0.104)

1.160⁎⁎
(0.0774)
1.106
(0.0701)
1.079
(0.112)
1.027
(0.0220)

1.624⁎⁎⁎
(0.281)
1.035
(0.186)
0.637
(0.210)
0.990
(0.0690)

0.586⁎⁎⁎
(0.109)
1.204⁎⁎⁎
(0.0567)
1.067⁎⁎⁎
(0.0138)
1.762⁎⁎⁎
(0.330)
1.438⁎⁎
(0.238)
1.029
(0.182)
0.629
(0.215)
0.983
(0.0681)

State FE
Founding year FE
Sector FE

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Observations
LogLikelihood

6444
−7382.7

9231
−1030.9

9231
−990.8

Accum. number of patents (log)
Accum. amount of funds (log)
VC (= 0/1)
Teamsize (log)
At least one top-tier university
At least one female founder
State unemployment rate

(2)

where λ(t) is the hazard function, which is determined by the baseline
hazard λ0(t), our variable of interest ACADEMICi , and a set of timevariant and time-invariant controls contained in Zi. The time-variant
covariates are the accumulated number of patents (Accum. number of
patents) and the accumulated amount of funding (Accum. amount of
funds) as of time t, whether a startup has received VC funding (VC) as of
time t, and the State unemployment rate in time t. The time-invariant
variables we control for are Team size, an indicator equal to one if the
startup had at least one female founder, and an indicator equal to one if
one of the founders graduated from a top-tier university. As in Eq. (1),
we also control for state, founding-year, and sector fixed effects. We
cluster standard errors at the startup level to account for intra-group
correlation, and report hazard ratios. Hazard ratios greater (smaller)
than one indicate a positive (negative) relationship with the risk of
achieving i) a first round of financing, and ii) a liquidity event.
The results from estimating Eq. (2) are presented in Table 3. Column
I of Table 3 reports the hazard of achieving a first round of financing. In
line with our earlier results, the coefficient on the indicator for the
occupational background of the founders, ACADEMIC, is not statisti
cally significant on conventional levels (p-value: 0.609). This result
suggests that academic and non-academic startups do not differ in their
time to first funding. Column II and III present the results for estimating
time to liquidity, excluding the intermediary startup outcomes (column
II) and controlling for them (column III). Regardless of the model
specification, academic startups have a lower risk of experiencing a
liquidity event at each time t. Consistent with our findings in Table 2,
the magnitude of the coefficient declines only slightly with the full set
of controls. Excluding the amount of funding a startup raised, whether
it received VC funding, and the number of patents it filed, the risk that
academic startups achieve a liquidity event is 44% lower than for nonacademic startups (column II). In the fully-specified model (column III),
the difference between academic and non-academic startups is 41%.11

Notes: We report the results from estimating a Cox proportional hazard model
for: i) the time in years to a first financing round (column (I)), and ii) the time in
years to achieving a liquidity event (columns II and III). We report hazard ra
tios. Hazard ratios greater (smaller) than one indicate a positive (negative)
relationship with the risk of achieving i) a first round of financing, and ii) a
liquidity event. We cluster standard errors at the startup level. Significance
noted as: * p < 0.10, ⁎⁎ p < 0.05, ⁎⁎⁎ p < 0.01.

Collectively, these results suggest that although academic founders
produce as many patents and raise as funding as non-academic foun
ders, it takes them longer to clear the exit market. Building on the
suggestive evidence presented, we consider which factors could help
academic startups close the commercialization gap with non-academic
startups in the next subsection.
4.2. Professor versus PhD student founders
To gain deeper insights into the mechanisms driving startup exit
performance differentials, we distinguish between different types of
founders within academia by creating two mutually exclusive cate
gories of academic ventures. These categories are: i) startups founded
by students without the participation of any faculty members, and ii)
startups founded by at least one professor. As discussed in Section 2,
this distinction is relevant for at least two reasons. First, it is possible
that students may produce technologies of relatively lower quality
given they have less accumulated experience than professors. Second, it
is possible that students pursue projects with different quality thresh
olds than professors given their distinct outside options. An invention
advantage could help academics reduce the commercialization gap with
non-academic startups, and in that case we should observe smaller exit
performance differences between professor and non-academic startups
than between student startups and non-academic startups. To examine

11
In Figure A1 of the Appendix, we report Nelson-Aalen Cumulative Hazard
curves for the time to first round of financing and the time to achieving a li
quidity event. The descriptive evidence presented confirms our findings that: i)
academic startups do not significantly differ from non-academic startups in
terms of their hazard of raising their first financing round and ii) the hazard of
exiting via an IPO or an acquisition is higher for non-academic than for

(footnote continued)
academic startups.
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Table 4
Performance outcomes for startups founded by professors versus students.
Models
Liquidity event
(I)
Patents
(log)

(II)
Funds
(log)

(III)
VC
(= 0/1)

(IV)
Reduced

(V)
Full

−0.00381
(0.0405)
−0.202⁎⁎⁎
(0.0400)

−0.0266
(0.0239)
−0.0846⁎⁎
(0.0320)
0.105⁎⁎⁎
(0.0139)
0.0137⁎⁎⁎
(0.00125)

−0.0767⁎⁎⁎
(0.0175)
−0.0971⁎⁎⁎
(0.0222)

0.000589
(0.00185)
0.292⁎⁎⁎
(0.0363)
−0.00728
(0.0629)
−0.0364
(0.0310)
0.0167
(0.0437)
−0.0383⁎⁎
(0.0185)

0.0337
(0.359)
−1.753⁎⁎⁎
(0.586)
0.453⁎⁎
(0.189)

1.435⁎⁎⁎
(0.398)
0.598
(0.464)
1.154⁎⁎
(0.497)
−0.169
(0.183)

0.0872⁎⁎⁎
(0.0198)
0.00515
(0.0226)
−0.0510
(0.0332)
−0.00327
(0.0172)

0.0531⁎⁎⁎
(0.0191)
0.0172
(0.0145)
−0.0644⁎⁎
(0.0243)
−0.0166
(0.0106)

−0.0734⁎⁎⁎
(0.0195)
−0.0725⁎⁎⁎
(0.0205)
0.0374⁎⁎⁎
(0.0107)
0.000796
(0.00145)
0.103⁎⁎⁎
(0.0202)
0.0396⁎⁎
(0.0161)
0.0170
(0.0129)
−0.0620⁎⁎
(0.0232)
−0.0138
(0.0102)

State FE
Founding year FE
Sector FE

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Observations
R-sq.

1723
0.126

1723
0.153

1723
0.182

1723
0.0933

1723
0.122

PROF (at least one professor)
STUD (student/no professor)
Number patents (log)
Funds (log)
VC (= 0/1)
Team size (log)
At least one top-tier university
At least one female founder
State unemployment rate

Notes: We examine the same startup performance outcomes as those described in Table 2. PROF is an indicator that equals one if startup i was initiated by at least one
professor and zero otherwise, while STUD is an indicator for whether the startup was founded by at least one graduate student without the involvement of a professor.
The reference category is represented by startups without academic founders. We cluster standard errors at the state level. Significance noted as: * p < 0.10, ⁎⁎
p < 0.05, ⁎⁎⁎ p < 0.01.

this conjecture, we modify Eq. (1) as follows:

Yi = PROFi + STUDi + Xi + fState + fFounding year + fSector +

i

In column V, we add as controls the intermediary startup performance
outcomes (i.e., patents, the amount of funds raised, and VC funding).
The magnitude of the coefficient related to student startups declines
from 0.097 to 0.073 suggesting that students pursue different projects
than professors.
Taken together, while these results provide some indication that
startups founded by students without professor involvement are less
resource- and patent-intensive, these companies perform similarly on
the exit market to those startups founded by professors. This suggests
that although professors and students may pursue different types of
ventures (in terms of formal IP), they do not differ in achieving a li
quidity event. These findings are in line with Conti and Roche (forth
coming) who suggest that tight labor market conditions push students
to pursue projects of lower quality, on average, than those pursued by
professors. The fact that professors and students exhibit no difference
with respect to the exit market might be the result of students initiating
startups of lower quality and professors creating new ventures that rely
relatively more on basic technologies that require more time to clear
the exit market.12

(3)

As before, Yi corresponds to any of the following outcomes: the
number of US granted patents applied for within three years of incep
tion, the amount of funding raised with five years of a startup's incep
tion, the likelihood of receiving VC funding during the same period, and
the likelihood of experiencing a liquidity event as of 2016. PROFi is an
indicator that equals one if startup i was initiated by at least one pro
fessor and zero otherwise, while STUDi is an indicator for whether the
startup was founded by at least one PhD student without the involve
ment of a professor. The reference category consists of startups initiated
by non-academic founders only. The vectors Xi, fState, fFounding year, and
fSector contain the same controls and fixed effects as those listed in Eq.
(1). Again, we cluster standard errors at the state level.
We present results from estimating Eq. (3) in Table 4. As reported in
column I, student startups apply for 20% fewer patents relative to
professor and non-academic startups. Not only do student startups have
less patents, but they also significantly raise less funds (column II). In
fact, the coefficient indicates that being a student venture reduces the
amount of funding raised by 175%. In contrast, professor startups do
not differ from non-academic startups in the amount of funding raised.
Similarly, results reported in column III show that student startups are
less likely to attract VC funding than both professor startups and nonacademic startups, whereas the latter two categories do not differ from
each other.
The estimates in column IV show that while both student startups
and professor startups are less likely to achieve a liquidity event relative
to non-academic startups, there is no significant difference within
academic startups relative to their likelihood of experiencing either an
IPO or an acquisition (p-value for test of equality of coefficients: 0.246).

4.3. Heterogeneity among professor founders
Herein, we submit that observed differences between academic and
12
In Table A3 of the Appendix we present the results from estimating Eq. (2)
distinguishing between professor and student startups. The results indicate that
student startups take significantly longer to raise their first round of funding,
whereas professor startups do not differ from non-academic startups. However,
student and professor startups both have an equally lower risk of achieving a
liquidity event in each period t relative to non-academic startups.
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non-academic startups might be explained, in part, by heterogeneity
within startups created by professors. To examine this possibility, we
distinguish between academic superstar professors and other professor
founders. For one, it is possible that superstar academics may be able to
close the commercialization gap with non-academic founders given
their skills and abilities. For another, it is possible that external certi
fication could aid superstar academics in reducing the commercializa
tion gap. In an attempt to disentangle these explanations, we generate
three categories of professor startups: i) startups founded by academic
superstars defined as highly productive researchers whose scholarly
quality has been certified by a prestigious external institution (i.e.,
Nobel Prize Laureates, National Academy of Sciences Members, and
WoS' Highly Cited Researchers), ii) similarly productive professors
without external quality certification, and iii) startups founded by all
other professors.
We modify Eq. (3) as follows:

Taken together, these findings suggest that there are differences
within academia in terms of clearing the exit market. In particular, the
observed performance differentials between academic founders relative
to non-academic founders do not hold for all types of founders in aca
demia. Startups founded with a superstar academic appear to have an
advantage at securing VC funding and in achieving a liquidity event.
5. Discussion and conclusion
Herein, we examine how differences between academic and nonacademic occupational backgrounds of founders may result in en
trepreneurial performance differentials. In the high-technology context,
academia and industry are particularly relevant given that these in
stitutions represent the two major environments involved in en
trepreneurship (Fini and Lacetera, 2010; Murray, 2010). Moreover,
both - academia and industry - are considered essential drivers of in
novation and economic growth (Cohen et al., 2002; Grimaldi et al.,
2011; Roach and Sauermann, 2015; Thursby et al., 2001). As such, we
pursue an important, yet under-researched question for advancing our
understanding of heterogeneity across innovative startups: How do
founders' occupational backgrounds relate to new venture perfor
mance?
We develop conjectures for the intermediary output and early-stage
commercialization success of startups based on the occupational
backgrounds of the respective founders. Given differences in mental
models and preferences, passed on through experience and on-the-job
training, our ex-ante conjecture is that academic founders have a
comparative invention advantage while industry founders have a com
parative innovation advantage. To assess this proposition, we examine a
sample of 2998 founders from academic and non-academic back
grounds who created 1723 startups between 2005 and 2012.
In line with our baseline hypothesis, we find suggestive evidence
that academic startups may be comparatively disadvantaged in
bringing new technologies to the market. In particular, the likelihood
and hazard of achieving a liquidity event are lower for academic than
for non-academic startups. However, academic startups produce as
many patents and receive as much funding as non-academic startups.
This result provides some evidence that while academic and non-aca
demic ventures do not differ in terms of their ability to generate IPprotected technologies, they differ substantially in their time to clearing
the exit market.
In a next step, we exploit heterogeneity within the category of
academic founders based on our fine-grained data. Assessing the re
lative performance of academic startups is a thorny yet important issue
on its own, provided the fundamental role universities play in the
production of new knowledge in high-tech industries (Mowery et al.,
2001). In particular, we more closely examine professor and student
ventures. In analyzing heterogeneity within academic startups (while
using non-academic startups as a reference category), we distinguish
between startups founded by professors and those initiated by PhD
students without professor involvement. We find suggestive evidence
that although PhD students produce fewer patents than professors,
student-founded companies are as likely and as quick to experience a
liquidity event as professor-founded ventures. These results are in line
with Conti and Roche (forthcoming) who find that tight labor market
conditions push students to pursue projects of lower quality, on
average, than those pursued by professors. The fact that professors and
students exhibit no difference with respect to the exit market might be
the result of students initiating startups of lower quality and professors
creating new ventures that rely relatively more on basic technologies
that require more time to clear the exit market Conti and Roche
(forthcoming).
Delving deeper into our analysis of heterogeneity within academia,
we provide suggestive evidence that there are differences in compara
tive commercialization advantages among academic professor foun
ders. In particular, we find that startups initiated by highly productive

Yi = SuperstarPROFi + µHighlyProdPROFi + OtherPROFi + STUDi
+ Xi + fState + fFounding

year

+ fSector +

i

(4)

The outcomes Yi are the same as those employed in Eq. (1). We
apply different cut-offs with regard to the professors' publication output
to identify highly productive professors without endorsement (category
ii) above). We use the number of scientific articles a professor published
five years before creating a focal startup and identify those professors
who lie in the upper 75th, 80th, and 90th percentiles within their re
spective disciplines, but are not Nobel Prize Laureates, National
Academy of Sciences members, or Highly Cited Researchers.13 The 80th
and 90th percentile cutoffs serve primarily as robustness for our 75th
cutoff findings. The vectors Xi, fState, fFounding year, and fSector contain the
same controls and fixed effects as those used in Eq. (1). Standard errors
are clustered at the state level.
We report the results from estimating Eq. (4) in Table 5. As shown in
column I of Table 5, we find no significant differences in terms of the
number of patents a startup applied for within three years of its in
ception. All different types of professor startups perform similarly to
non-academic startups in this regard. We find a similar pattern when we
examine the amount of funding raised (column II). However, the results
in column III show that superstar professors are significantly more
likely to receive VC funding than all other types of startups - academic
and non-academic alike. Finally, we find that startups founded by su
perstar professors are as likely as non-academic startups to achieve a
liquidity event, while startups founded by professors who are similarly
productive but who lack external certification perform no better than
all the other categories of academic startups (column IV).
As a robustness check, we find that these results are largely con
firmed when we use the 80th and 90th percentile of publication output
to define the category of highly productive professors without external
certification (see columns V-XII of Table 5). We note that while we
observe a difference in the likelihood of achieving a liquidity event
between startups founded by superstar professors and other non-certi
fied but similarly productive professors, this difference is no longer
statistically significant. This is largely due to the fact that there are very
few observations of startups founded by professors in the 80th (N = 85)
and 90th (N = 38) percentile that are not also externally certified.14
13

There are not enough observations to estimate the regression equations
using a 95th percentile cutoff.
14
In Table A4 of the Appendix, we report the results from estimating a hazard
model, which considers the same sub-categories of academic startups as in
columns I - IV of Table 5. For sake of brevity, we only report results using the
75th percentile cutoff for defining highly productive but non-certified pro
fessors. While we find in Table 5 that these professors significantly differ from
certified professors in terms of their likelihood of experiencing a liquidity event,
they do not significantly differ in their relative risk of achieving such event in
each period t compared to non-academic startups (column II).
9
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1723
0.126

Observations
R-sq.

1723
0.153

Yes
Yes
Yes

1.413⁎⁎⁎
(0.393)
0.589
(0.462)
1.156⁎⁎
(0.497)
−0.172
(0.182)

−1.748⁎⁎⁎
(0.576)
0.449⁎⁎
(0.196)

0.483
(1.107)
−0.325
(1.030)
0.0515
(0.390)

1723
0.190

Yes
Yes
Yes

0.0729⁎⁎⁎
(0.0186)
0.00112
(0.0228)
−0.0488
(0.0326)
−0.00404
(0.0172)

−0.0809⁎⁎
(0.0313)
0.102⁎⁎⁎
(0.0139)
0.0137⁎⁎⁎
(0.00124)

0.165⁎⁎⁎
(0.0327)
−0.0311
(0.0441)
−0.0644⁎⁎
(0.0243)

1723
0.125

Yes
Yes
Yes

−0.0712⁎⁎⁎
(0.0206)
0.0367⁎⁎⁎
(0.0106)
0.000824
(0.00152)
0.0990⁎⁎⁎
(0.0200)
0.0337⁎⁎
(0.0147)
0.0152
(0.0130)
−0.0613⁎⁎
(0.0234)
−0.0142
(0.0104)

0.0112
(0.0473)
−0.0768*
(0.0397)
−0.0899⁎⁎⁎
(0.0163)

1723
0.126

Yes
Yes
Yes

0.000617
(0.00187)
0.287⁎⁎⁎
(0.0365)
−0.0135
(0.0600)
−0.0384
(0.0321)
0.0176
(0.0439)
−0.0386⁎⁎
(0.0184)

−0.200⁎⁎⁎
(0.0395)

0.00935
(0.0952)
−0.0219
(0.0579)

0.0758
(0.0698)

1723
0.153

Yes
Yes
Yes

1.406⁎⁎⁎
(0.388)
0.590
(0.458)
1.158⁎⁎
(0.499)
−0.171
(0.182)

−1.746⁎⁎⁎
(0.577)
0.448⁎⁎
(0.197)

−0.127
(1.098)
−0.0181
(0.423)

0.487
(1.106)

(VI)
Funds (log)

1723
0.190

Yes
Yes
Yes

0.0719⁎⁎⁎
(0.0187)
0.000354
(0.0228)
−0.0483
(0.0325)
−0.00395
(0.0172)

−0.0804⁎⁎
(0.0313)
0.102⁎⁎⁎
(0.0139)
0.0137⁎⁎⁎
(0.00124)

−0.00812
(0.0568)
−0.0671⁎⁎⁎
(0.0226)

0.165⁎⁎⁎
(0.0329)

(VII)
VC

1723
0.126

Yes
Yes
Yes

−0.0709⁎⁎⁎
(0.0206)
0.0366⁎⁎⁎
(0.0105)
0.000827
(0.00151)
0.0987⁎⁎⁎
(0.0199)
0.0329⁎⁎
(0.0146)
0.0147
(0.0134)
−0.0610⁎⁎
(0.0234)
−0.0141
(0.0104)

−0.0567
(0.0400)
−0.0934⁎⁎⁎
(0.0160)

0.0118
(0.0474)

(VIII)
Liquidity

1723
0.126

Yes
Yes
Yes

0.000628
(0.00187)
0.288⁎⁎⁎
(0.0358)
−0.0134
(0.0611)
−0.0385
(0.0314)
0.0169
(0.0443)
−0.0384⁎⁎
(0.0185)

0.0512
(0.136)
−0.0221
(0.0527)
−0.200⁎⁎⁎
(0.0395)

0.0757
(0.0696)

(IX)
Patents (log)

90th Pct.

1723
0.153

Yes
Yes
Yes

1.413⁎⁎⁎
(0.395)
0.593
(0.459)
1.163⁎⁎
(0.498)
−0.174
(0.182)

−0.748
(0.915)
0.0233
(0.506)
−1.748⁎⁎⁎
(0.574)
0.449⁎⁎
(0.196)

0.483
(1.116)

(X)
Funds (log)

1723
0.190

Yes
Yes
Yes

0.0740⁎⁎⁎
(0.0187)
0.00128
(0.0229)
−0.0489
(0.0328)
−0.00416
(0.0171)

−0.0655
(0.0863)
−0.0557⁎⁎
(0.0234)
−0.0812⁎⁎
(0.0314)
0.103⁎⁎⁎
(0.0137)
0.0137⁎⁎⁎
(0.00123)

0.164⁎⁎⁎
(0.0329)

(XI)
VC

1723
0.127

Yes
Yes
Yes

0.00801
(0.0871)
−0.0949⁎⁎⁎
(0.0142)
−0.0708⁎⁎⁎
(0.0207)
0.0365⁎⁎⁎
(0.0103)
0.000844
(0.00151)
0.0992⁎⁎⁎
(0.0204)
0.0327⁎⁎
(0.0149)
0.0146
(0.0130)
−0.0619⁎⁎⁎
(0.0226)
−0.0138
(0.0105)

0.0118
(0.0475)

(XII)
Liquidity

Notes: We examine the same startup performance outcomes as those described in Table 2. We consider three categories of professor startups. These are: i) startups founded by highly successful researchers whose scholarly
quality has been certified by a renowned institution (i.e., Nobel Prize Laureates, National Academy of Sciences Members, and Highly Cited Researchers), ii) similarly productive professors without external certification,
and iii) startups founded by all other professors. The reference category is represented by startups without academic founders. We cluster standard errors at the state level. Significance noted as: *p < 0.10, ⁎⁎p < 0.05,
⁎⁎⁎
p < 0.01.

Yes
Yes
Yes

0.000625
(0.00187)
0.287⁎⁎⁎
(0.0363)
−0.0135
(0.0608)
−0.0381
(0.0315)
0.0175
(0.0440)
−0.0386⁎⁎
(0.0184)

−0.200⁎⁎⁎
(0.0397)

0.0758
(0.0701)
0.0115
(0.0879)
−0.0249
(0.0599)

State FE
Founding year FE
Sector FE

State unemployment rate

At least one female founder

At least one top-tier university

Team size (log)

VC (= 0/1)

Funds (log)

Number patents (log)

STUD

OtherPROF (90th pct.)

HighlyProdPROF (90th pct.)

OtherPROF (80

th

HighlyProdPROF (80th pct.)

OtherPROF (75th pct).

HighlyProdPROF (75th pct.)

SuperstarPROF

(IV)
Liquidity

(V)
Patents (log)

(III)
VC

(I)
Patents (log)

(II)
Funds (log)

80th Pct.

75th Pct.

Table 5
Performance outcomes for startups founded by endorsed professors versus others.
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professors who are either Nobel Prize Laureates, members of the
National Academy of Sciences, or Highly-Cited Researchers - that is,
academic superstars - perform as well as non-academic startups on the
exit market. Conversely, startups established by highly productive
professors but without external certification perform worse on the exit
market than non-academic startups. These results could be the outcome
of superstar professors assuming a certification role or pursuing projects
with more commercial promise. These findings resonate with earlier
work such as by Higgins et al. (2011), who document that new life
science ventures with a Nobel Prize Laureate on their scientific advisory
board tend to perform better. Moreover, Fuller and Rothaermel (2012)
provide evidence that star faculty founders are able to overcome the
liability from not being located in a geographic cluster in which VCs are
active.
Our finding that it takes startups created by academic founders re
latively longer than startups initiated by non-academic founders to
clear the exit market, moreover, draws attention to important economic
implications regarding the return on investment(s). For those investing
in academic startups, any potential return on investment will likely take
longer to be realized and may, as a result, entail higher costs (and
possibly higher risks) than investments into non-academic startups.
Therefore, it becomes important to assess early on, and to the extent
possible, whether new technologies could be developed and commer
cialized by non-academic founders in a relatively shorter time span to
reduce these inherent liabilities (Aghion et al., 2008).
Summa summarum, we attempt to make several contributions to the
extant literature. First, we compare and contrast venture characteristics
and outcomes among startups founded by entrepreneurs with distinctly
different occupational backgrounds, which span two important in
stitutional environments (that is, academia and industry). In doing so,
we move beyond prior studies that have examined the role of founders'
occupational backgrounds within one specific institutional environment
(Burton and Beckman, 2007; Campbell et al., 2012; Chatterji, 2009;
Elfenbein et al., 2010; Fuller and Rothaermel, 2012; Di Gregorio and
Shane, 2003; Zucker et al., 2002). In line with these prior studies we
provide suggestive evidence that occupational imprinting conferred by
different institutional environments may produce marked effects on
venture performance outcomes.
Second, by comparing and contrasting academic to non-academic
startups, we add to the literature that has examined academic startups'
survival and success (e.g., Nerkar and Shane, 2003; Rothaermel et al.,
2007; Rothaermel and Thursby, 2005; Shane and Stuart, 2002). This
literature has seldom compared academic to non-academic startups
(Wennberg et al., 2011), neglecting the distinct role the academic in
stitutional environment plays in shaping the ventures it spawns. Third,
we explore heterogeneity within academic startups along under
explored dimensions: professor founders versus student founders, on
the one hand, and superstar founders versus other professor founders,
on the other. Extant studies have focused on the technological char
acteristics that correlate with academic startups' success (e.g., Nerkar
and Shane, 2003; Rothaermel and Thursby, 2005; Shane and Stuart,
2002) and the role of incubators and TTOs (Bercovitz and Feldman,
2007; Wright et al., 2008), but have generally overlooked heterogeneity
in academic founders' characteristics. Finally, recognizing that there
exists significant heterogeneity among startups (Colombelli et al.,
2016), we shed light on possible mechanisms governing the specific
subsample of innovative startups, which provide significant potential
for economic benefits.
This study, moreover, has several policy implications. Our findings
highlight the importance of deepening our knowledge about the root of
performance differences of innovative startups across distinct institu
tional environments. As such, our research findings may aid in de
signing more nuanced policy interventions for fostering entrepreneur
ship and innovation. In light of our result that academic startups
generally underperform relative to non-academic startups, on the in
novation dimension, governments as well as universities could focus on

providing academics with complementary resources for commercia
lizing technologies developed in their laboratories. This is in line with
prior work, which has documented that students' entrepreneurial
commitment is enhanced by comprehensive university initiatives
(Minola et al., 2016). Similarly, Lyons and Zhang (2018) document that
complementary services such as university entrepreneurial training
programs are especially valuable for individuals who lack the resources
and capabilities needed for success in entrepreneurship.
Lastly, university TTOs and incubators could help non-superstar
professors overcome the observed commercialization disadvantages. By
showcasing and promoting these academics' technologies to external
investors, TTOs and incubators could assume the role of certifying
bodies as well as of match-makers between academic ventures and in
vestors. Gaining a deeper and more nuanced understanding of in
novative startups enables decision makers to move beyond a ‘one-sizefits-all’ policy, and to enact fine-grained interventions that would be
more effective in fostering entrepreneurial innovation, employment,
and economic growth (Colombelli et al., 2016).
As with any research, our study is not without limitations, which at
the same time provide opportunities for future research. One possible
limitation could be that we define an academic startup as a venture that
was founded by at least one professor or one student affiliated with a
given university at the time the startup was launched. Building on
current work highlighting the important role of founding teams for
startup performance (for an in-depth review, see Nikiforou et al.
(2018)), an interesting avenue for future research could be to examine
the composition of founding teams in more depth. The composition of
teams consisting of academic and non-academic founders may have
important implications for the comparative invention and innovation
advantage of startups because of complementarities in skills and abil
ities held by different team members (Franco-Leal et al., 2016; Visintin
and Pittino, 2014).
A natural extension of our baseline hypothesis that academic
founders possess a comparative invention advantage while non-aca
demic founders possess a comparative innovation advantage could be
taking a closer look at founding teams that consist of both academic and
non-academic founders. Although we provide some preliminary evi
dence that our results are robust to using the share of academic foun
ders in the new venture team as our main independent variable (see
Table A2), deeper theoretical and empirical work is clearly warranted.
Future research may help us better understand notions such as optimal
ratios of different founder backgrounds when assessing early stage
venture performance.
Although we take great care in untangling the heterogeneity among
different types of academic founders, a closer look at heterogeneity
within the category of non-academic founders is also a promising
avenue for future work, yet beyond the scope of this paper. Such an
extension of our current work seems particularly fruitful because the
majority of the venture founders in our sample do not have an academic
founder. Thus, a possible future research question may be whether
founders who worked for small firms are more similar to academic
founders than founders who worked previously at large firms. This
question seems particularly promising given the conflicting results
provided by the few studies attempting to address this issue. For in
stance, some work looks at individuals with a science and/or en
gineering degree and shows that small firms spawn more startups
(Elfenbein et al., 2010). Other studies have documented that bio
technology entrepreneurs often hail from larger firms because working
for larger firms is considered an important first step prior to ’taking the
plunge’ into entrepreneurship (Hess and Rothaermel, 2012).
We must also stress the need for follow-on research to establish
causality claims in order to inform both the academic literature as well
as policy decision makers alike. In this paper, we suggest a number of
potential mechanisms driving our results. As an extension, however,
future research could pursue approaches such as experimental and
quasi-experimental estimation strategies that could help deal with
11
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obvious identification challenges.
We close by highlighting our contribution that non-academic
startups appear to fare better than academic startups on the exit market.
Moreover, we find no systematic differences with regard to patents and
the amount of funds raised by academic startups in comparison to nonacademic startups. Our additional heterogeneity analyses using finegrained data suggest that the observed commercialization disadvantage
of academic startups do not hold for all types of founders in academia.
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