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Abstract

The present thesis investigates several technology transfer chan-
nels in the context of university-industry knowledge transfer. Both
traditional channels such as collaborative research or academic patent-
ing and innovative alternatives such as broadcast search are consid-
ered. Theoretical advances and implications for policy can be de-
rived by implementing novel methods from the field of Data Science.

Zusammenfassung

Die vorliegende Arbeit untersucht mehrere Technologietranfer-
kanäle im Kontext des Wissenstransfers von Universitäten in die In-
dustrie. Sowohl traditionelle Transferkanäle wie zum Beispiel kol-
laborative Forschung oder akademisches Patentieren sowie innova-
tive Alternativen wie broadcast search werden berücksichtigt. Beiträge
zu Theorie und politische Implikationen können durch den Einsatz
neuartiger Methoden aus dem Bereich Data Science gewonnen wer-
den.
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Chapter 1

Introduction

This chapter briefly discusses the motivation for this thesis and its
research goals. An outline of the structure of the thesis is also given.

1.1 Motivation

The motivation of this work is the emergence of the field of academic
entrepreneurship in conjunction with methodological advances
in computer science as well as increasing availability of relevant
data. The traditional role of universities, to educate students and
to conduct basic research, has been expanded into the area of
commercialization due to the increasing importance of information
to knowledge-based economies (Abramovitz, 1956; Solow, 1957).
The “entrepreneurial university” (Etzkowitz, 1988) is supposed
to transfer knowledge via more direct channels to society, i.e. by
commercializing knowledge with spin-offs, patents or licenses based
on research findings. As the traditional university was perceived
as inefficient in commercialization of knowledge, either due to
university staff lacking the entrepreneurial skills to commercialize
the mass of knowledge provided by researchers or due to
researchers being too taken up with publishing to commercialize,
policy instruments have been implemented to encourage academic
entrepreneurship. These include changes in legislation such as the
often-cited Bayh-Dole act (Mowery et al., 2001) or, in the German
context, the similar “Arbeitnehmererfindergesetz”1 (Kilger and
Bartenbach, 2002). At the institutional level, technology transfer
offices (TTOs) have been established at most universities to improve
the disclosure of knowledge created by university scientists and a
number of projects are underway to encourage young academics in

1For details on these policy instruments see Chapter 2.
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commercializing their work in start-ups (Maritz, Koch, and Schmidt,
2016; Siegel, Waldman, and Link, 2003). Given the importance of
innovation to a knowledge-based economy and the high potential
for innovation inherent in organizations that are dedicated to
teaching and research, the topic of knowledge transfer between
academia and industry has received significant attention from
researchers (Bozeman, 2000; Crespi et al., 2011; Macho-Stadler and
Pérez-Castrillo, 2010; Markman et al., 2005; Nilsson, Rickne, and
Bengtsson, 2010; Owen-Smith and Powell, 2001; Siegel, Waldman,
and Link, 2003). In recent years new methods and data sources have
become available that may enable researchers to shed new light on
some of the important questions that are associated with the topic
of these knowledge transfers: which transfer channels are most
suitable? What motivates scientists to transfer knowledge? Which
incentives exist and how are they perceived? What role does the
academic culture play in all of this? To what degree is geographic
distance a barrier to successful transfers?

An improved understanding of these relations is required to
improve our ability to influence and steer the system into the
desired direction. This work will explore new transfer channels
such as privately owned innovation platforms that match industrial
solution seekers to individuals able to solve complex problems.
Using methods adopted from the field of computer science,
untapped data sources will be used to extend findings on some of
the traditional transfer channels.

1.2 Research goals

The point of this thesis is to extend existing research on knowledge
transfer between academia and industry with the help of state of the
art methods from the field of data science. Data science, which com-
bines automated acquisition and preparation of data with machine
learning algorithms and statistical analysis, enables us to gain in-
sights from data sources that have, so far, not been exploited for the
purpose of scientific analysis on knowledge transfer. These methods
serve as tools to improve our understanding of some of the key con-
cepts underlying knowledge transfer, in particular its drivers: what
motivates scientists to actively engage in knowledge transfer? Which
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incentives are efficient? Which transfer channels are suitable? And
not least of all, what is the economic impact of transfers? Even small
improvements to our understanding of these questions may yield
significant returns as knowledge will continue to be the most impor-
tant resource for our economy.

1.3 Structure of thesis

The remainder of this thesis is structured in the following way: chap-
ter 2 gives an overview of the theoretical context of academic en-
trepreneurship and derives research questions. Chapter 3 describes
the data sources accessed for the subsequent research projects as well
as some of the procedures that were necessary to obtain and process
the data. Chapter 4 introduces the concept of Data Science, its im-
portance to quantitative analysis in economics and presents some of
the machine learning algorithms used. The following four chapters
describe the projects outlined in chapter 2 in detail and present find-
ings. Chapter 5 shows how to tackle increasing amounts of litera-
ture using machine learning methods to derive insights that are of-
ten required in early stages of scientific projects, as an applied exam-
ple the chapter shows the development of academic entrepreneur-
ship as a branch of entrepreneurship science. Chapter 6 discusses
the motivational aspects of academic entrepreneurship by analyz-
ing the traditional transfer channel of academic patenting. Chapter
7 encompasses research on the more innovative transfer channel of
broadcast search. Chapter 8 and 9 measure the impact of academic
entrepreneurship on knowledge production by expanding the tra-
ditional knowledge production framework with novel measures for
collaborative research. The thesis concludes with chapter 10, which
sums up the findings, highlights methodological advances, discusses
limitations and implications for future research opportunities that
can be derived from this work.
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Chapter 2

Theoretical context

This chapter introduces the theoretical background to the core topics
of this thesis. As described in chapter 1, this thesis is concerned with
the analysis of knowledge transfer between academia and industry.
After a brief overview of the various types of knowledge transfer and
the importance of the topic, we will take a closer look at three trans-
fer mechanisms which have been selected as they represent different
perspectives on the issue. The first mechanism, academic patenting,
explores the perspective of individual researchers with a focus on
the motivational aspects of academic patent disclosure. As an inno-
vative alternative transfer channel we consider broadcast search as
a potentially more flexible tool for facilitating knowledge transfer.
The third mechanism, collaborative scientific projects, allows for an
analysis at the regional level. This mechanism facilitates an analysis
of the impact of knowledge transfer on knowledge generation. The
theoretical context is then used to derive research questions which
lead to the projects described in later chapters. Since each project is
concerned with a relatively specialized field, the chapters on the var-
ious projects contain additional information on the specific literature
required to build hypotheses.

2.1 Knowledge transfer from academia to in-

dustry

As a preface to this section it is useful to delimit some of the terms
used in this thesis. The term "university-industry technology trans-
fer" is often used to describe the field of science that explores the
potential of academic knowledge for application in the private sec-
tor. It encompasses the transfer of knowledge from the public sector
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(universities and other research institutions) to the private sector (in-
dustry). This transfer has usually the purpose of commercializing
knowledge or making it relevant in an applied context. Technology
transfer may also refer to the transfer of knowledge between compa-
nies (Zhao and Reisman, 1992) or, in the case of international tech-
nology transfer, between countries (Robinson, 1988). However, these
perspectives are not explicitly regarded in this work. Whereas the
definition of transfer is straightforward, the definition of technol-
ogy in the context of technology transfer is slightly more involved.
The definition of Sahal (1981) stresses that a technology has aspects
of both a product and a process and appears suitable in the context
of technology transfer, where a significant aspect is not the transfer
of a physical ojbect but also the transfer of knowledge required to
understand and apply the procedural aspects of technology (Boze-
man, 2000). Often the terms "technology transfer" and "knowledge
transfer" are used more or less interchangeably. Sometimes technol-
ogy transfer is more closely associated with the transfer of knowl-
edge (Zhao and Reisman, 1992), in other cases it is linked to inno-
vation (Rogers, 2010). The latter perspective stresses the importance
of transferring knowledge that creates value to the recipient primar-
ily by virtue of being novel. Since "knowledge transfer" is the more
abstract term compared to "technology transfer" and since it is more
closely associated with the problems that occur in the transfer of ei-
ther, we will use the term "knowledge transfer" throughout this the-
sis.

The generation of new information is of increasing importance
as nations tend to adopt the concept of the knowledge-based econ-
omy (Abramovitz, 1956; Solow, 1957; Cooke and Leydesdorff, 2006).
Innovation is widely regarded as main driver of economic growth,
a claim that has been demonstrated in research by considering the
inputs to and outputs from an economy (Abramovitz, 1956). If the
inputs, such as labour available from a nation’s population or capital
from its economy, cannot explain all of the outputs, an omitted vari-
able must exist that explains the unexplained growth. Thus a large
residual, usually a cause for alarm among statisticians, contributed
to important findings in economics. The importance of innovation is
closely associated with the uncertainty that goes hand in hand with
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the processes that lead to innovation. The success or failure of an in-
vention is difficult to predict, in large part due to a large potential for
improvement in the early phases of a new product or a technolog-
ical development (Rosenberg, 2004). Thus even (or especially) im-
portant innovations often come as a surprise, which can create a cer-
tain degree of upheaval in established markets (Christensen, 2013).
This finding has spurred a new way of thinking about economies in
general as primarily impacted by an economy’s capability in imple-
menting innovations, that is its ability to produce knowledge and
the degree to which its policies empower entrepreneurs. This the-
ory challenges established theories such as the neoclassical view un-
der which the accumulation of capital is the main aspect defining
the dynamics of economies (Atkinson and Ezell, 2012). In this con-
text entrepreneurs can be individuals who discover and act upon
opportunities (Schumpeter, 1934) or large organizations equipped
with resources that enable them to shoulder the increased risk of en-
trepreneurial activities (Schumpeter, 2013).

Innovations are the result of knowledge creation, which can
roughly be divided into basic and applied research. Generally,
applied research is understood as efforts for finding a solution to
a specific problem, while basic research is aimed at improving
the general understanding in a scientific discipline. Applied
research promises greater economic viability in the short term,
while basic research involves higher risks but also higher rewards
(Kleer, 2010). Due to the required investments and long-term
ramifications of basic research, it has traditionally been the objective
of academic research by governmental institutions. Applied
research is traditionally associated with industry. However,
there are cases of industry engaging in basic research and public
institutions delivering valuable applications. Due to an acceleration
in scientific development, the interval between major technological
breakthroughs grow shorter and the resources that were intended
to improve either basic or applied research prove useful in both
areas (Sandmo, 2011; Rosenberg and Nelson, 1994). Hence
there is an increasing overlap in the roles of industry, academia
and government with regard to their roles in the production of
knowledge (Owen-Smith, 2003; Etzkowitz and Leydesdorff, 2000).

Traditionally, universities’ main task was to educate and to
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conduct research, with the focus shifting from teaching to research
during the 20th century (Hounshell, 1996). This view was reflected
in researcher’s conceptualization of universities as distinct from
commercial enterprises in order to warrant efficient advancement
of basic scientific research that might be negatively impacted by
industry’s more short-term perspective on commercial applications
(Merton, 1973; Dasgupta and David, 1987). This negative view on
interactions of university and industry has been labeled "corporate
manipulation" thesis (Florida, 1999), which cautions against
sacrificing long-term scientific insights for short-term commercial
interests (Noble, 1979). When universities receive most of their
funding from industry, they may be subjected to restrictions (such
as increased secrecy) that compromises their ability to excel at
basic research (Brooks, 1993). A contrasting theory highlights the
potential of universities as providers of opportunities for industry
based on university’s stocks of knowledge (Etzkowitz, 1988).

Regardless of which side one favors in this argument, universi-
ties are involved in a type of knowledge transfer as per their original
mission: teaching students who may later be employed by industry
is one form of dispersing the knowledge that is created at universi-
ties. However, in practice there is a divide between the two missions.
The majority of students are taught to a degree level that incorpo-
rates most of the status quo of existing knowledge in a field. The
information generated by universities, for example in the form of re-
search projects, is not usually taught outside of master or Ph.D level
educational programs. Since university research is likely to be im-
portant to industry (Etzkowitz and Leydesdorff, 2000), with the time
frame between scientific breakthrough and application shortening,
there exists a demand for a more direct transfer of knowledge from
academia to industry. Given the importance of knowledge to mod-
ern economies and the available knowledge stocks in universities as
potential source for innovation, a third role has been added to the
two traditional roles of universities. According to this triple helix
model (Etzkowitz, 2008) of the entrepreneurial university (Slaughter
and Leslie, 1997), academia is also tasked with contributing to the
commercialization of knowledge. As a result, collaboration between
industry and academia (for example at university-industry research
centers) attracts large amounts of R&D (Research and Development)
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funding. Other indicators, such as university revenues from patents
licensed to industry, also show the importance of university-industry
relations (Florida, 1999). It should be noted that, while the topic of
university-industry collaboration is very popular in recent years, re-
lations between industry and academia played a role before the ad-
vent of large policy changes, which are often regarded as starting
point of modern university-industry collaboration (Mowery et al.,
2001).

Why are universities interesting for industry and vice versa?
Academia has access to significant resources useful for the
generation of knowledge. Funding of projects with high risk,
equipment and skilled employees offer opportunities for the
creation of information that are immediately useful in applied
contexts or of interest to firms active in domains where basic
scientific knowledge is likely to offer competitive advantages
in the relative short term. From the perspective of university
researchers, collaboration with industry is attractive due to potential
access to funds and the prospect of employment (Roach and
Sauermann, 2010). Collaboration with industry may be a means to
the end of advancing a scientist’s research (D’este and Perkmann,
2011). However, for either side to benefit from collaboration,
the knowledge created at universities needs to be transferred.
This process is not straightforward due to some characteristics
of knowledge and several additional barriers: the codification
of knowledge is expensive and often insufficient to capture all
relevant aspects. Written texts do not convey the same amount of
information as an interpersonal exchange. Some knowledge cannot
easily be transmitted through personal communication either, for
example if that transfer requires a mutual understanding of the
subject area (Polanyi, 1966). The choice of a suitable transfer channel
can mitigate barriers. Several transfer mechanisms are frequently
mentioned in research as channels through which knowledge can
flow from academia to industry (Bekkers and Freitas, 2008, OECD,
2013):

1. Training of graduates: universities train students to a degree
level in the scientific status-quo. Graduates then seek employ-
ment in industry, where they can apply the skills they learned,
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effectively transferring knowledge from academia into the rest
of the economy.

2. Academic patents: scientists may file a patent based on their re-
search findings. In the long term the publication of that patent
enables the adoption of the invention, while in the short term
licenses can be used to make the invention available to indus-
try.

3. University spin-offs: closely associated with academic patents,
universities may attempt to commercialize inventions with
high potential through start-ups.

4. Scientific publications: associated with relatively low costs, this
transfer channel makes research findings available to a broad
audience.

5. Informal communication: personal communication is usually
regarded as highly effective means of transferring knowledge,
even though the audience is limited. Scientific staff may use
informal communication at conferences or within their profes-
sional network to transfer knowledge.

6. Collaborative research: formal collaboration between industry
and academia on research projects comprises some aspects of
the other transfer channels such as efficient personal commu-
nication, publication and patenting. However, it also involves
high costs associated with the selection of suitable collabora-
tion partners and the investment of resources.

7. Broadcast Search: internet platforms that enable companies to
describe technical problems. Potential solvers can submit so-
lution proposals with the winning submissions usually being
rewarded. This is an a-typical transfer channel that bears some
similarities to formal collaboration.

As mentioned above, this work will focus on the three channels
of broadcast search, academic patenting as well as collaborative re-
search. This selection enables to study university-industry knowl-
edge transfers from several perspectives. It also enables us to un-
derstand in which case a channel is a good choice for knowledge
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transfer: for channels to be used effectively one needs to be aware
of their advantages and shortcomings as well as general obstacles to
knowledge transfer. Regardless of the chosen channel, the recipient
must be able to process the transmitted information. Depending on
the channel, some barriers to the transfer exist and are more or less
pronounced, as shown in the next section.

2.2 The role of distance in knowledge trans-

fers

One of the more important barriers to the successful use of a transfer
channel is the distance over which information is to be transferred.
For the context of this work, we differentiate between three types of
distance: institutional distance (sometimes also referred to as organi-
zational distance), knowledge distance (also known as technological
distance) and geographic distance.

Geographic distance is the most obvious form, which still has a
strong effect on knowledge transfer. Increasing the distance between
the actors tends to decrease the effectiveness of knowledge transfer,
in the same way as spatial dependence affects most relations that are
spatially distributed (Tobler, 1970). Some transfer channels are less
affected by geographic distance than others: texts such as scientific
publications or patent abstracts are available regardless of distance
to the author. Any transfer that is related to personal communica-
tion, such as informal communication or collaborative research, are
more strongly affected by geographic distance, as the likelihood of
interpersonal communication decreases with distance (Allen, 1984).
This relationship also applies when taking into account the decreas-
ing costs of digital communication (Allen and Henn, 2007).

Institutional or organizational distance refers to the distance
between actors from different backgrounds. In the context of
university-industry knowledge transfers, employees in industry
and academia have adapted to their respective organizational
cultures and associated norms. The difference between the two may
complicate the transfer of knowledge or influence the motivation for
an actor to engage in a transfer (Cummings and Teng, 2003). Actors
with similar organizational background are usually more efficient
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at transmitting knowledge (Uzzi, 1996). As university-industry
transfer necessarily spans organizational boundaries, this distance
is relevant to all transfer channels. Since trust is facilitated by lower
organizational distance, those channels where trust is more of an
issue may be more affected by organizational distance. An example
is broadcast search, where the solver needs to trust the seeker to
fairly reward proposals.

Knowledge distance refers to the degree to which two actors pos-
sess similar knowledge (Cummings and Teng, 2003). For a success-
ful transfer, which includes that the recipient is able to absorb the
knowledge, the knowledge distance may not be too great (Hamel,
1991). Knowledge from a completely different context may turn out
to be useless to the receiver as understanding it would involve the
acquisition of additional (usually more basic) knowledge required
to fully appreciate the state of the art. Hence knowledge distance
is also closely associated with the receiver’s experience in absorbing
unfamiliar knowledge (Cohen and Levinthal, 1990). As with organi-
zational distance, knowledge distance affects all attempts to transfer
knowledge from academia to industry. An important aspect that dif-
ferentiates knowledge distance from other types of distance is that
an increase in distance does not necessarily come with the negative
effects that physical distance is often associated with (admittedly,
physical distance may in some cases also prove beneficial for collab-
oration, for example when it is precondition for linking of suitable
partners). With an increase in knowledge distance usually comes an
increase in the novelty of the transmitted knowledge. Recombining
existing knowledge with novel knowledge is likely to produce more
successful innovations. Hence a greater knowledge distance can im-
prove the receiving actor’s innovation performance (Nooteboom et
al., 2007).

This thesis focuses on three transfer channels to highlight the
import of the three distance types outlined above. Academic
patenting is closely associated with organizational distance due
to the relevance of scientific norms for the motivational aspects
of academic patenting. Broadcast search is a suitable transfer
mechanisms to study the effects of knowledge distance as the
promise of innovation intermediaries is to boost innovation
performance by making available novel information. Finally,



2.2. The role of distance in knowledge transfers 13

geographic distance is a factor in collaborative efforts that are
distributed over regions.

The following sub-chapters give an overview of three transfer
mechanisms and how they are affected by distance.

2.2.1 Academic patenting

A patent is a legal title for protecting an invention that provides sev-
eral rights to the title’s owner. The owner has the right to prevent
others from making, selling or importing the protected product or
from using or selling the protected process. Patents are transferable,
allowing the owner to sell or license the right (OECD Patent Statis-
tics Manual; 2009). In return for having one’s invention protected
(typically for a time of up to 20 years) the patent’s owner agrees to
the publication of the patent upon its grant. Since the patent needs
to contain a technical description of the invention, the disclosure
makes knowledge available to others, enabling downstream inno-
vation. When the patent expires, the technology becomes essentially
a public good, which enables more widespread adoption. Hence the
patent system provides incentives to engage in inventive work and
improves the dissemination of knowledge in the long term. For a
patent to be granted, the invention must fulfill some requirements:

(i) it must be novel, i.e. the invention may not be already patented
or published in another fashion.

(ii) The patent must include an inventive step, i.e. it must be non-
obvious, and the invention must generally require the use of
state-of-the-art methods.

(iii) the patent has to be susceptible to industrial application.

Aside from a precise description of the patented invention, a list of
prior art needs to be included with the application. This serves to
show links of the patent to prior work and to differentiate the patent
from similar existing patents. These citations are a popular metric
for scientific analysis (Zuniga et al., 2009), even though their value
is somewhat questionable as there is a tendency to inflate the num-
ber of included citations in order to improve the likelihood of being
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granted the patent (missing citations can be regarded by patent ex-
aminers as an attempt to disguise the similarity of the application to
prior art) (Zuniga et al., 2009).

Since academia creates large quantities of new knowledge, an in-
creasing number of patents are assigned to scientists working at uni-
versities or public research institutions (Lissoni et al., 2008). How-
ever, since the traditional role of research institutions is to conduct
basic research, there exists a conflict of interest. Academics are tradi-
tionally trained in an environment that stresses the Mertonian norms
of science (Merton, 1973), i.e. scientists may regard a disinterested-
ness in commercial application of their work as part of their profes-
sional ethos. Patents, intended for the commercialization of inven-
tions, are thus not an ideal incentive for scientists. When scientists
do disclose inventions by filing for a patent with their university, that
can lead to a different type of problem: university technology trans-
fer offices (TTOs) may amass large numbers of patents without being
able to commercialize the underlying inventions. The inventors are
typically more interested in their academic careers, for which patents
(and in particular the application for patents) have been largely in-
significant in the past. The TTO, in turn, may lack the technical
know-how, the resources and the entrepreneurial spirit to commer-
cialize an invention. In the United States patents resulting from fed-
erally sponsored research used to be owned by the federal govern-
ment. In the hope of easing the commercialization of research results,
various U.S. government agencies negotiated deals with universities
that would enable universities instead of government to own the in-
tellectual property resulting from publicly funded research (Mow-
ery et al., 2001). Eventually the individual arrangements were re-
placed by the Patent and Trademark Law Amendments Act of 1980
(more commonly known as the Bayh-Dohle, a reference to the two
senators who sponsored the act). Subsequent policy changes further
strengthened the concept of private ownership of publicly funded
research results with the goal of more efficient commercialization
(Eisenberg, 1996). The policy in the United States before and after
the Bayh-Dole act represents two viewpoints on the relation of gov-
ernmental research fundings: prior to the act, the opinion that pub-
licly funded research should be a public good was dominant: grant-
ing ownership of the intellectual property to private organizations
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would basically force the public to pay twice for the same invention
— once through taxes and the second time due to the monopoly cre-
ated by the patent protection. Proponents of the opposing viewpoint
realized that the creation of knowledge and the subsequent transfer
into an applied context were separate. Private organizations were
regarded as more efficient in commercializing inventions. Hence
granting patent ownership to those with an incentive and the abil-
ities to use them was hoped to prove beneficial for the economy
(Eisenberg, 1996). In essence, paying twice for a useful innovation
was seen as preferable to paying once for an invention that would be
discarded. As a result of the Bayh-Dole act, patenting and licensing
at universities has increased, although it has been noted that a signif-
icant proportion of the observed increase in patent applications and
licenses can be better explained by the higher relevance of some sci-
entific disciplines for commercial endeavors (Mowery et al., 2001).
For example, the emerging field of biomedicine in the 20th century
led to many patents that were easier to commercialize compared to
patents from other disciplines.

Irregardless, the perception of the Bayh-Dole act as effective pol-
icy tool influenced policy in other countries. Germany introduced a
policy that was similar in intent to the Bayh-Dole act but differed in
some details. German policy on patenting for most of the 20th cen-
tury was based on decrees introduced during the second World War.
The Göring-Speer decree forced inventors to disclose inventions to
their employer, while providing that the inventor would retain rights
to compensation. The decree was intended to provide incentives
for the development of technologies that would be valuable to the
military (Koblank, 2012). With regard to inventions at universities,
German law had one peculiarity, it permitted university employees
full rights to their inventions. Even though this provision ostensi-
bly favored the commercialization of academic knowledge, it caused
similar issues to those of the United States provisions that would
reserve ownership of publicly funded research invention to the fed-
eral government: the inventions were rarely successfully commer-
cialized. A probable cause was the focus of academics on their career
and thus on publications. However, publishing an invention in an
academic journal could conflict with patent law, which requires in-
ventions to be novel and thus not previously published for a patent
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to be granted. The so-called professor’s privilege was abolished with
a reform of the "Arbeiternehmererfindergesetz" (employee inventor
law) in 2002: the ownership of inventions by university staff was
divided between university and inventor. This resulted in a situa-
tion that is largely similar to that established by the Bayh-Dole act,
as German universities were thus able to attempt to commercial-
ize the inventions of their employees (Kilger and Bartenbach, 2002).
Other countries have followed suit or shown interest in emulating
the Bayh-Dole act (Mowery and Sampat, 2005). However, there are
also exceptions to the rule: Italy has taken a policy step that is close to
the opposite of recent German policy changes (Breschi, Lissoni, and
Montobbio, 2007). While Bayh-Dole-like policy is widely regarded
as working as intended (Grimaldi et al., 2011) and not detrimental
to the basic-research mission of universities (Thursby and Thursby,
2011), there is also criticism of the concept of universities as institu-
tions for the commercialization of inventions as suffering from un-
necessary delays and largely inefficient (Kenney and Patton, 2009).
Researchers also warn that emulating U.S. policy in other countries
without taking into account the specifics of the national innovation
system may be precipitous (So et al., 2008).

The wide range of available policy options and the relative lack
in consensus which option is preferable paired with the large interest
in the topic indicates that the potential of knowledge transfers from
university to industry has been widely realized. It also indicates that
further research is required to understand how to unlock this poten-
tial. Prior research has determined that the best way to accomplish
this task is to improve understanding of the academic patenting pro-
cess shifting policy focus to the individual who may engage in aca-
demic patenting (Clarysse, Tartari, and Salter, 2011). The key issue
with regard to this question is what motivates scientists to engage
in academic patenting. Once the motivational aspects of academic
patenting are understood, factors that influence this motivation may
be added to arrive at a better understanding of the whole process.
The role of incentives and barriers in the academic patenting process
and how these interact with motivation should explain whether sci-
entists engage in invention disclosure with their university. While
incentives play an important role and represent useful policy tools
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for encouraging commercialization of inventions, they are not suffi-
cient to explain the motivation of scientists in either participating or
refraining from academic patenting. The motivation is more likely
shaped by the scientist’s environment. In this respect the organiza-
tional distance described in previous sections may affect the effec-
tiveness of academic patenting as knowledge transfer mechanism.
Even though scientists are part of the same organization that has an
interest in commercializing the result of scientific work, a distance
may be perceived between the traditional norms of scientists (Mer-
ton, 1973) and the aspirations of university staff intent to commer-
cialize (e.g. staff of TTOs). Understanding the interaction of scien-
tist’s normative distance to the concept of commercialization and the
role of incentives should improve our understanding of the motiva-
tion scientists may have to commercialize. This, in turn, enables an
understanding of which policy instruments are effective at eliciting
academic patenting.

An overview of existing literature on this question is given in
chapter 6 along with a proposal how to advance existing research
in this field.

2.2.2 Broadcast search

The previous section described two opposing views on the commer-
cialization of academic knowledge. This section demonstrates an al-
ternative. To briefly aggregate the previously mentioned views: one
side regards governments and, in extension, universities as ineffi-
cient when it comes to commercialization and cautions against pol-
icy that makes consumers pay twice for an invention — once through
taxes used for publicly funded research and a second time for the ac-
quisition of the resulting products or services from private organiza-
tions that commercialized the knowledge. The other side claims that
universities should play a role in the commercialization of knowl-
edge that would otherwise be neglected by the government or by
individual researchers who are not particularly interested in com-
mercialization. While the latter view appears to be dominating, re-
search on the effectiveness of policy comes up with mixed results.
Critics of current policy recommend to turn back to previous policy.
However, there exist alternative transfer channels that may differ in
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important aspects to traditional means of commercialization of aca-
demic knowledge. One such channel is Broadcast Search. Prior to
defining the method of Broadcast Search it is useful to briefly illus-
trate the concept of Open Innovation, as Broadcast Search can be con-
sidered as a method that is based on insights from research on open
innovation in the area of innovation management.

The basic premise of open innovation is that organizations are
more efficient at innovating when they consider knowledge from
outside their organizational boundaries in addition to knowledge
obtained by internal R&D efforts (Chesbrough, Vanhaverbeke,
and West, 2006). Embracing openness as norm has enabled the
phenomenon of open source software, which led to the production
of high quality software tools as well as their adaption and
subsequent modification by users. Hence open source software
is an example how switching from a focus on financial rewards
to an open sharing of information can be just as effective, if not
more so, in the creation and diffusion of knowledge (Feller, 2005).
This is, in part, possible as proponents of open source software
consider participating in the open development as a reward in itself
(Cristina and Rossi, 2004). A related mechanism for applying open
innovation principles to overcome organizational boundaries when
accessing external knowledge is crowdsourcing. Crowdsourcing
can be regarded as a more abstract form of Broadcast Search: in
crowdsourcing web platforms are used to distribute tasks, such as
solving technical problems but also tasks involving product design
or relatively simple manual labor, to a large number of participants
(Howe, 2006). The exact definition of crowdsourcing is given by
Howe as:

"Simply defined, crowdsourcing represents the act of a com-
pany or institution taking a function once performed by em-
ployees and outsourcing it to an undefined (and generally large)
network of people in the form of an open call. This can take the
form of peer-production (when the job is performed collabora-
tively), but is also often undertaken by sole individuals. The
crucial prerequisite is the use of the open call format and the
large network of potential laborers." (Howe, 2016)

Division of labor is applied when the complexity of a task surpasses
what an individual can reasonably accomplish in a given time frame.
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Crowdsourcing extends this logic using web-based technologies for
the organization of a large network of participants. However, crowd-
sourcing goes beyond a more extensive version of division of labor
as it enables solutions that are beyond the scope of what the orga-
nizing entity is capable of creating (Brabham, 2008). This is due to a
special characteristic of problem solving by crowds: the aggregation
of knowledge leads to an increase in performance solution with the
size of the crowd (Surowiecki, 2004). This feature is also called "col-
lective intelligence" and is likely to have an impact on society that
goes beyond the design of commodities (Pierre, 1997). Some nega-
tive aspects of crowdsourcing are closely related to its commercial
success: the crowd is usually paid very little. Even the providers of
winning solutions or successful product designs receive a compen-
sation that is rather small compared to the revenue that the solution
provides (Postigo, 2003). However, the opportunity to participate in
open projects allows participants to acquire new skills which may be
of use in their career or intrinsically motivating and thus sufficient
to compensate the relative lack of financial rewards (Lakhani et al.,
2007).

A popular example for crowdsourcing is Threadless, a company
that allows users to design T-shirts. The shirts are manufactured and
sold by Threadless with some of the proceeds going to the designer.
The result is a web-shop that leverages customer’s insights into mar-
ket demands directly. The use of solution information provided by
users, i.e. those who are most exposed to the problem, enables com-
panies to be more successful by providing products that are aligned
with market demands that may not have been fully realized by either
the company nor, indeed, the market (Von Hippel, 2005).

Broadcast Search is a problem solving methodology that enables
organizations to access knowledge relevant to finding a solution to
their problems by broadcasting the problem to potential solvers.
Broadcast Search is a mechanism that enables companies to open
up their innovation process. Problems, usually related to technical
issues that a company’s internal R&D department cannot resolve
given time and budget restraints, are published by the company (in
this context referred to as seeker) to individuals who may have
access to knowledge external to the company and suitable for
solving the problem (hence these individuals are referred to as
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solvers). This contrasts with a closed innovation approach of relying
on internal capabilities alone: internal R&D will be limited by the
search method usually applied in problem solving. Specialists rely
on past experiences and learning and therefore are more likely to
rely on a "local search" of the solution space (Simon, 1991), i.e. only
that part of the solution space is considered that mostly overlaps
with the solvers existing knowledge. Hence the term bears some
resemblance to the equally named computer science algorithm
for finding the optimum of a function by iteratively comparing
adjacent function values to the current value. While this approach
is effective, there is a risk of identifying only local maxima and
ignoring the global maximum, which may differ significantly
from the local solution. Since the information on the problem and
the information required to solve the problem must exist in one
location (or locus) and since it is often more difficult to move the
"sticky" solution information (Von Hippel, 1994), broadcast search
is a promising method for dealing with challenging problems. The
value of the concept as knowledge transfer mechanism for academic
knowledge has been recognized by Lakhani et al. (2007). They
find that broadcast search not only serves to solve problems that
internal R&D departments cannot solve but also that the knowledge
provided by solvers was often based on existing solutions for other
problems, which indicates that broadcast search efficiently transmits
existing knowledge for application in new contexts. Jeppensen
and Lakhani (2010) use the example of the longitude problem to
illustrate some key characteristics of broadcast search: in the 18th
century naval navigation was crucially limited by the lack of a
reliable method to determine a vessel’s longitude. An innovation
contest with financial reward was organized for a method that
would reliably determine the longitudinal position of a ship at sea
with greater accuracy than estimates based on a starting position
and extrapolation with course and speed (which would quickly lead
to an accumulation of errors because of difficulties in measuring
speed at sea). The winning solution, a reliable chronometer that
enabled the comparison of local time to a reference time, was based
on a technology that existed but was deemed unsuitable due to
being not robust enough for use at sea (the pitching, yawing and
rolling motions of a ship in strong seas would interfere with the
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mechanisms of existing chronometers). The example illustrates that
specialists may overlook viable solutions that are outside of their
field of expertise and that the solution may have been implemented
in similar form in other contexts. Solutions submitted by "the
crowd" have been found to perform better when compared to
solutions offered by internal staff (Poetz and Schreier, 2012). The
innovation contest underlying broadcast search differs from other
types of contests, such as salesforce contests, that have been studied
in the past: participation is voluntary and the goal is to obtain one
high performing rather than many satisfactory solutions (Terwiesch
and Xu, 2008).

In broadcast search information on the problem to be solved is
usually broadcasted by an innovation intermediary. This can be a
web-based platform that publishes the problem to the general public
or a company internal platform that shares problem details only to
employees. In that regard broadcast search is similar to the more
general concept of crowdsourcing.

Broadcast search can be regarded as one form of crowdsourcing
which is limited to solving problems that have been defined by the
seeking company. Hence it is also sometimes referred to as inno-
vation crowdsourcing. A key aspect in both broadcast search and
crowdsourcing is providing suitable incentives for submissions. In
broadcast search the best solution is usually rewarded with a fixed
sum determined by the seeking organization. An obvious issue of
this setup is the effect of the incentive in a public setting. In order
to attract specialists, the incentive needs to be large enough. Yet a
large incentive is likely attract larger numbers of submissions (Che
and Gale, 2003). As is the case with academic patenting, research is
required to identify the effects of incentives and interactions with the
drivers of participation in innovation contests. In this context knowl-
edge distance, as defined in previous sections, is likely to determine
the effectiveness of broadcast search as a transfer channel. Knowl-
edge distance is a key feature of broadcast search in that it mitigates
the issues of local search encountered in a closed innovation setup.
However, the effects of knowledge distance on participation in inno-
vation contests remains unexplored.

Chapter 7 will give an overview of existing research on broad-
cast search and contribute to prior literature with an experiment that
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explicitly models the effects of knowledge distance on innovation
contest participation.

2.2.3 Collaborative research

This section provides an overview on the topic of collaborative aca-
demic research and its potential as transfer channel. Cooperation can
take place in a multitude of settings, from inter-firm alliances (Grant
and Baden-Fuller, 1995) to division of labor in small startup teams
(Forbes et al., 2006). Collaborative research is one such field, which
involves cooperative efforts between several scientists in scientific
projects. A formal definition is given by Katz and Martin (1997) who
describe collaborators of scientific projects as:

"(a) those who work together on the research project
throughout its duration or for a large part of it, or who make
frequent or substantial contribution; (b) those whose names
or posts appear in the original research proposal [...]; (c)
those responsible for one or more of the main elements of
the research (e.g. the experimental design, construction of
research equipment, execution of the experiment, analysis and
interpretation of the data [...] writing up the results in a paper)
[...]; (d) those responsible for a key step (e.g., the original idea
or hypothesis, the theoretical interpretation); (e) the original
project proposer and/or fund raiser, even if his or her main
contribution subsequently is to the management of the research
(e.g., as team leader) rather than research per se." -Katz and
Martin (1997)

The definition excludes those who make only a small contribution
or are not regarded as research staff such as technicians or assistants
(Katz and Martin, 1997). Note that not all of these requirements need
to apply at the same time and that Katz and Martin acknowledge the
existence of many exceptions which make it difficult to exactly define
research collaborations.

Scientific collaboration is usually measured using mulit-author
research publications, also referred to as co-authored papers (Smith,
1958). Even though the measure is lacking in some regards — it does
not provide information on the type and degree of collaboration, nor
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does it always indicate who contributed to the research as impor-
tant participants may be left out or individuals who did not con-
tribute may be included among the authors of a publication (LaFol-
lette, 1992). Still, as a measure it is readily available through publica-
tion databases and thus frequently used in analyses on collaborative
research (Solla Price et al., 1986). The large number of results obtain-
able from publication databases compared to the relatively low ex-
penses makes bibliographic information on co-authorship attractive
when compared to surveys, which may offer more detailed informa-
tion on a much smaller selection of publications (Katz and Martin,
1997).

Scientific publications are increasingly the result of collaboration
between multiple authors, although the degree to which
co-authorship increases varies with discipline (Katz and Martin,
1997). Several reasons exist for this trend: with the increasing
complexity of research projects, owing to the maturity of many
fields, specialization has been increasingly important for scientific
advancement. Cooperation between scientists increases the
knowledge available to a team and therewith the chances of
advancing the respective scientific field (Bush and Hattery, 1956;
Goffman and Warren, 1980). Researchers with diverse backgrounds
may benefit from cooperation due to cross-fertilization between
disciplines (Braun et al., 1992). Additionally, costs for travel and
communication have fallen in the 20th century, enabling cooperation
over longer distances. The costs for fundamental research have
increased in the same time, representing difficulties for funding
bodies that need to rely increasingly on resource pooling with
international teams. For example, the construction of experimental
fusion reactors can take decades and cost billions of US Dollars, and
are therefore funded by international consortia (Ikeda, 2009).

A further driver for research collaboration is that aspiring
researchers are often taught by cooperating with their more
experienced supervisors (Beaver and Rosen, 1978). As the relation
between supervisor and aspirant often lasts past the time required
for education, "invisible colleges" are established in the long term,
which influence the patterns of collaboration in science (Solla Price
and Beaver, 1966). For a more exhaustive review of drivers of
multi-authorship see Katz and Martin (1997).
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The interest in scientific collaboration can be explained by its
impact of researcher’s performance: highly productive scientists are
rare (Lotka, 1926), which prompted research into what determines
scientific productivity. As a result, a correlation between scientific
performance and inclination to collaborate has been found
(Solla Price and Beaver, 1966). As researchers are more likely to turn
to other researchers when searching for information instead of using
impersonal sources, collaboration occurs frequently, further adding
to its impact (Allen, 1984). Co-authored papers are also more likely
to be accepted for publication (Gordon, 1980) and generally have
higher impact (Lawani, 1986).

The importance of collaboration for scientist’s productivity high-
lights its use as a transfer channel for the diffusion of knowledge:
the extent to which collaboration is useful to the individual scientist
depends on the degree to which knowledge can be transmitted in
collaborative projects. When studied as a transfer channel, scientific
co-publications are associated with positive effects on scientific pro-
ductivity (Beaver, 2004; Lee and Bozeman, 2005) and the economy
in general (Perkmann and Walsh, 2009), although evidence for the
latter is sometimes mixed (Dietz and Bozeman, 2005).

Given the effectiveness of collaborative research as a transfer
channel in the scientific domain, it is not surprising that the same
channel may also be used for the transfer of knowledge from
academia to industry (Caloghirou, Tsakanikas, and Vonortas,
2001). In this case collaborative projects may be indicated by
multi-author publications with authors from both industry and
academia. For industry, access to academic knowledge is helpful
in developing products or services based on the scientific state of
the art, enabling competitive advantages (Hanel and St-Pierre,
2006). For scientists, access to industrial resources, the opportunity
to learn or to commercialize their research constitute incentives
for collaboration with industry (D’este and Perkmann, 2011). In
general, prior research has reached the consensus that this type
of transfer is beneficial for the economy at large (Bozeman, Fay,
and Slade, 2013), but also points out some challenges that influence
the channel’s effectiveness: collaboration is, as other transfer
channels, affected by different types of distance. Social and spatial
proximity are regarded as antecedents of collaboration: social
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proximity leads to informal communication, which can then result
in formal collaboration. Spatial proximity eases communication
and thus enables social proximity to act on the probability
that collaboration ensues (Hagstrom, 1965; Katz, 1994). In the
special case of university-industry knowledge, transfer through
collaborative projects, spatial proximity plays a significant role
as some spatial distance is usually implicit when collaboration
spans institutional boundaries (Abramo et al., 2011). A framework
that has proven useful for estimating the effect of collaboration
is the extended knowledge production framework (Jaffe, 1989;
Griliches, 1979). The knowledge production function (KPF)
estimates the knowledge output of geographical areas (e.g. nations
or regions) as function of industrial inputs with a special focus on
the interdependence of geographical units. Specifically, spillovers
between actors in spatially adjacent units can explain unintended
effects of knowledge aggregations. These spillovers are referred to
as Marshall-Arrow-Romer spillovers (Glaeser et al., 1991), named
after the three economists who developed the concept (Marshall,
1898; Arrow, 1971; Romer, 1989), when they are assumed to effect
industry positively due to a pooling of specialized knowledge.
Jacobian spillovers provide positive effects by close proximity of
diverse actors whose knowledge may lead to cross-fertilization
(Jacobs, 1970). Recently, measures derived from the network
structure of actors in collaborative projects have proven helpful
in determining which collaborative efforts are relatively more
successful (Liao, 2011)

Knowledge distance is also likely to be relevant for collaboration
as a transfer channel since the type of research in the public and pri-
vate areas can differ with respect to discipline or domain, leading
to different types of benefits and different degrees of importance of
public research for industry (Cohen, Nelson, and Walsh, 2002).

Chapters 8 and 9 will set out to test the effects of various types of
distance on the effectiveness of university-industry collaboration as
knowledge transfer channel using an extended knowledge produc-
tion framework.
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2.3 Research questions

In the previous sections we defined university-industry knowledge
transfer and selected three transfer mechanisms for further study.
The selection enables to capture a broad range of the aspects rele-
vant to knowledge transfer that have been identified in prior liter-
ature. They are differently affected by various types of distance, as
described in the last sections. This section condenses the theoretical
background into three research questions that transform the general
goals of this thesis described in Chapter 1 into more precise propos-
als for advances in the respective scientific fields. A research show-
ing the three transfer channels between industry and academia (with
technology transfer offices and crowdsourcing platforms as interme-
diaries) and the direction of knowledge flow is illustrated in Figure
2.1.
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FIGURE 2.1: Research Agenda

The following chapters will deduce and attempt to contribute
to research on the following topics: Automatic Literature Reviews:
Chapter 5 illustrates how Data Science methods (see Chapter 4 for
details) can be used to complement traditional research methods.
The chapter also shows that such methods enable results that go be-
yond the scope of traditional literature reviews.
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Motivational Aspects of Academic Patenting: In order to pro-
vide effective policy for the commercialization of academic knowl-
edge, it is imperative to research academic patenting at the indi-
vidual level. This provides us with an opportunity to understand
scientists’ motivation in engaging or ignoring academic patents as
mechanism to transfer knowledge. The normative aspects influenc-
ing scientists’ motivation in combination with incentives are likely to
explain under which conditions scientists are willing to participate in
commercialization of their inventions. Tailored policy based on such
findings is likely to be more efficient at eliciting commercialization,
thus enabling a more efficient transfer of knowledge from academia.
Chapter 6 describes a discrete choice experiment used to study the
motivational aspects of academic patenting.

Broadcast Search and Knowledge Distance: As an alternative
to traditional transfer channels, web-based intermediaries provide a
novel solution to some of the problems associated with knowledge
transfer. By specifying the problem in advance and exploiting re-
searcher’s interest in explorative work broadcast search may rep-
resent a more efficient method of transferring "sticky" information
from academia into applied contexts. However, research is neces-
sary to understand under which conditions researchers will partic-
ipate in innovation contests. The concept of knowledge distance is
likely to play an important role in this regard. In order to exploit
broadcast search as efficient transfer mechanism, the role of knowl-
edge distance in motivating participation in crowdsourced contests
as well as the role with regard to the quality of submitted solutions
needs to be determined. Chapter 7 describes the topic in more detail
and discusses the results of a project that aimed to better explain the
participation behavior of scientists in innovation contests.

Regional Perspective on Collaborative Research: Collaborations
between industry and universities in research projects represent a
transfer channel that can be measured with bibliographic data. The
knowledge production function is often used as a tool for measur-
ing the impact of collaboration on the production of new knowledge
by industry. Hence this framework allows to measure the impact of
technology transfer in addition to the effect of various distance types
on the transfer channel’s effectiveness against the theoretical back-
drop of Marshall-Arrow-Romer and Jacobian externalities. Chapters
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8 and 9 will investigate some of the aspects that lead to a positive
effect of collaborative research on knowledge production.
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Chapter 3

Data

This chapter introduces the main data sources for the projects out-
lined in the following sections and briefly explains some of the pre-
processing steps that were required to prepare the data for analysis.

The main data sources for this work were patent and publication
databases. These were combined with additional primary data ob-
tained from surveys and secondary data from official sources such
as the federal statistical office of Germany. The main data sources
were used in all of the projects described in subsequent chapters.
Hence they will be introduced here in greater detail. The other data
sources, which are specific to the projects, are described in this chap-
ter as there are some similarities in the way they were collected. More
information on these sources is included in the chapters describing
their analysis.

The primary databases used for this thesis are the Web of Science
(by Thompson Reuters) and the European Patent Offices’s Statisti-
cal Database (Patstat). Both types of databases contain information
particularly relevant for bibliometric analysis, i.e. meta-information
typically saved during the publication process such as author names,
author locations or publication titles. This type of information is use-
ful for descriptive analysis and in network analysis (e.g. in the con-
text of networks of co-authors of publications). The databases also
contain abstracts, a potentially rich source of information for auto-
matic information extraction. Advances in computer science, specif-
ically in machine learning and computational linguistics allow ex-
traction of information from large numbers of abstracts within rea-
sonable time-frames. However, in order to extract any information
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from the databases, some challenges have to be overcome: data is of-
ten incomplete or of mixed quality, which necessitates complex data-
cleaning procedures to prevent such errors from distorting the sub-
sequent analysis. The size of database tables can make it challenging
to apply queries unless the limitations of available hardware are un-
derstood. The following sections describe the two main databases in
more detail.

3.1 Patent data

Patent data has been a mainstay for econometric analyses for several
decades (Zuniga et al., 2009). The availability of patent data, a useful
byproduct of the procedures required to maintain the patent system,
allowed to derive valuable indicators for scientists in economics. Ag-
gregated patent counts indicate country’s, region’s or firm’s research
and development capabilities. As each patent is required to be novel
and non-obvious and as the patenting process can be costly, each
patent is a signal that knowledge has been created. A downside of
using patent data is that patents represent only a fraction of the in-
ventive output of an economy. Since patenting is time-intensive and
expensive, inventions of low value are not likely to receive protec-
tion. However, large companies may want to protect important tech-
nologies by filing large numbers of patents that are similar to the one
patent that covers their key technology. This process of using "patent
thickets" protects the company from other companies that may try to
circumvent the original patent by filing their own patents with simi-
lar technologies that achieve the same purpose (Zuniga et al., 2009).
The result is an inflation of relatively low-value patents that further
complicates the assessment of patent counts. However, since valu-
able inventions are likely to be patented, patent counts are a useful
measure when determining the knowledge output of larger aggre-
gates such as regions or states.

The main database for patent data used in this work is the PAT-
STAT (patent statistics) database (version of 2012) by the European
patent office. To complement PATSTAT, the database of the Ger-
man patent office as well as databases by the OECD (Organisation
for Economic Co-operation and Development) were used. This sec-
tion introduces PATSTAT, its structure, the information contained
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within, the challenges in extracting information and how supple-
mentary datasources can be used for that purpose.

3.1.1 An introduction to PATSTAT

PATSTAT is a snapshot of the European Patent Offices’ (EPO) master
documentation database (DOCDB). It is designed for statistical anal-
ysis of patents by intergovernmental organizations and academic in-
stitutions and contains data from more than 100 national and in-
ternational patent offices (although the degree of coverage differs)
(Tarasconi and Kang, 2015). The central table of the database con-
tains information on patent applications as shown in Figure 3.1. The
table records applications for patents with information on the ap-
plication date and what kind of protection was applied for (patent,
utility model, design patent or other). For the 2012 version the table
contains approximately 73 million entries. The ID of individual ap-
plications is used to link the application table to other tables with ad-
ditional information. Of those the tables containing information on
persons, application classification, abstracts and titles are most rele-
vant to this work. The person table lists individuals associated with
one application. Persons are divided into applicants and inventors.
Typically applicants are assumed to be owners of the patent whereas
inventors are the individuals who carried out the inventive work.
Legal persons such as companies or governmental institutions can
occur as either applicant or inventor, but are not specifically marked.
The person table contains columns with the person’s name, address
and country code. Since the data are aggregated from many na-
tional patent offices, the quality and coverage are not homogeneous.
The address field is often empty, hence additional data sources were
required to localize some patents. Since the person names are de-
rived from applications, one individual or company may occur many
times in the table. Title and abstract are saved in two tables as raw
text. These entries describe the patent as mandated by the respective
patent office’s rules.

Since one patent may be linked to multiple applications, for ex-
ample when the applicant files for a patent at another patent office
to extend the protection to cover several countries, it is possible to
double count patents. PATSTAT contains tables on patent families
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FIGURE 3.1: PATSTAT Physical Model, CEMI’s PAT-
STAT knowledge base

which combine applications for the same patent. Several versions of
the concept of patent families exist, the most common links patents
by their priority date, i.e. the earliest application date of the applica-
tions in a family.

Furthermore, the database contains tables with information on
the patent’s classification. The international patent classification
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(IPC) is a hierarchical classification scheme that assigns patents to
specific sub-fields of one of the following industry sectors:

A: Human Necessities
B: Performing Operations, Transporting
C: Chemistry, Metallurgy
D: Textiles, Paper
E: Fixed Constructions
F: Mechanical Engineering, Lighting, Heating, Weapons
G: Physics
H: Electricity

A patent is assigned to an IPC class by its function or by its field
of application. One patent can be assigned to multiple IPC codes. In
a separate table the EPO’s European Classification (ECLA) scheme
is available, which is a more refined scheme with 140000 categories
compared to the IPCs 70000 (OECD Patent Statistics Manual; 2009).
The classification schemes are primarily used for identifying prior
art, i.e. enabling patent offices to determine whether a new patent
application fulfill the novelty requirement. However, the classifica-
tion also proves useful in the analysis of patent data, for example
when determining technology life cycles or cross-technology fertil-
ization (OECD Patent Statistics Manual; 2009). However, when ap-
plied to newly emerging fields of technology, existing classification
schemes may be insufficient as will be shown in the next section.

PATSTAT is a popular choice among researchers for a variety of
analyses such as patent citation analysis, patent count analysis, in-
ventor analysis or technology class analysis. But it also comes with
some downsides: data may be missing from some tables, most im-
portantly person’s address data and the coverage of patent offices
differs with a bias in favor of western European nations (Tarasconi
and Kang, 2015). The next section highlights some of the steps that
were undertaken to retrieve, clean and extend data from PATSTAT.

3.1.2 Preprocessing patent data

Initially the prospective user has to decide whether to use the online
or offline version of PATSTAT. The offline version was preferred as it
offered greater flexibility with regard to some of the steps described
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in this section. The offline version of PATSTAT consists primarily
of three DVDs with raw data (additional products on patent legal
status are also availalbe). These contain approximately 15GB of com-
pressed data that can be uploaded into an SQL (structured querly
language) database of about 150GB. As described in chapter 2, we
analyze patents from the field of nanotechnology filed in Germany.
While limiting the dataset to applications filed in Germany is sim-
ple, identifying nanotechnology patents is not as easy. At the time
of writing, both the IPC and ECLA classificaiton schemes had intro-
duced classes for nanotechnology, but these are not yet a good tool
for identifying respective patents, as shortly after their introduction
not many past patents were categorize according to the new classifi-
caiton system. Hence a keyword-based search based on (Porter et al.,
2008) was used to identify nanotechnology patents. Compared to a
simple keyword search such as "nano*" (where "*" is a wildcard that
refers to any combination of additional characters following "nano"),
the strategy offers some benefits. The simple search also returns false
positives such as patents mentioning the chemical formula of sodium
nitrate (NaNO2). In addition to searching for combinations of rele-
vant keywords, the search strategy has exclusion terms that remove
false positives.

Research on academic patenting has been complicated by the
fact that academic patents are not always easy to identify. Patent
databases usually list the owning individual and company along
with inventors. Information on the inventor’s occupation is often
missing. Hence, when a scientist files a patent with university,
it is possible that the scientist’s name along with the name of
the research institution are recorded on the patent application.
However, when the patent is filed as a result of industry-university
cooperation, the title is owned by a company. Since inventors do not
usually give their occupation and the university name is missing,
these patents are difficult to identify, although some researchers
have successfully used publicly available information on university
staff to circumvent this issue. For the purpose of this thesis, the
problem could be partially solved using a complex query of patent
databases in combination with survey data, as will be described in
greater detail in subsequent chapters.
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3.2 Publication data

Scientific articles, conference proceedings, book chapters and simi-
lar publications are increasingly available through online databases
such as Web of Science, Scopus or Google Scholar. These databases
are useful tools for scientists attempting to search specific literature
and thus prepare future research projects, as documents are typically
indexed and the databases come with convenient user interfaces for
keyword-based searches. These databases usually also provide in-
formation not directly contained in a publication but relevant to re-
searchers: citation counts serve as basis for measures regarding an
article’s impact. Links to other articles (inbound and outbound cita-
tions) are useful for scientific meta-analyses that can identify struc-
tures within scientific fields. Bibliographic information (e.g. au-
thor names and affiliations) can be used to construct networks that
are useful in a variety of research projects. The importance of such
databases was anticipated in a seminal article by Bush (1945) some
50 years before the advent of the Internet.

3.2.1 Introduction to the Web Of Science

The Web of Science is a scientific citation indexing service and
database based on the science citation index introduced by Garfield
(1955), who recognized the value of citations as indicator for
research with high impact and as tool for finding related research
articles. The Web of Science covers some 12.000 journals and
documents published as early as 1900 in multiple disciplines. The
database contains over 90 million records and has indexed over a
billion citations (according to the Web of Science website). Aside
from indexed citations and bibliographic information on articles, the
database also provides publication abstracts (coverage varies with
publication date) and a user interface that facilitates the download
of large amounts of data. This makes the database a good choice
as data source for the research projects described in the following
chapters.
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3.2.2 Preprocessing publication data

Retrieval of publications using the Web of Science is straightforward.
A keyword-based query with some options for wildcards (i.e. special
characters that allow for more complex search strategies by match-
ing, for example, arbitrary characters in addition to predefined key-
words) enables a selection of records. The selection can either be
analyzed using the web interface, for example to obtain frequency
counts for publications by journal in a field, or downloaded. Various
file formats are available. We chose the ISI flat file format due to its
compatibility with tools used in some of the projects described later
(e.g. Chapter 5). For other projects the data had to be converted into
other formats. For example, geocoding articles involved extracting
information on affiliations recorded in the article (relevant in Chap-
ter 8). Information related to individual researchers also required
writing custom scripts for name disambiguation, i.e. merging names
when one author is referenced in multiple documents. Initially data
was cleaned to remove non-alphabetical characters such as accents or
diacritical marks. The similarity between two names was computed
using string-based similarity metrices such as Jaro-Winkler or Lev-
enshtein distance (Cohen, Ravikumar, and Fienberg, 2003). As the
information available differed from case to case (older publications
usually recorded author last names and first name initials, whereas
more recent publications contained full name information), a custom
script was written that takes into account available information and
uses name-similarity as well as other available information (such as
affiliation and co-authors) to disambiguate the records. The resulting
set of matches was manually checked.
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3.3 Other data sources

The research projects presented in the next chapters use additional
data with the source differing from project to project such as gov-
ernmental databases and data based on publicly available requests
for proposals published by innovation intermediaries. This section
provides a very brief overview of the main types of data as shown in
Table 3.1. For details see the respective chapters.

Chapter/Datasource Patent data Publication Data Innovation intermediary data Statistical data on German regions
Chapter 5 X
Chapter 6 X X
Chapter 7 X X
Chapter 8 X X X
Chapter 9 X X X

TABLE 3.1: Data overview
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Chapter 4

Methods

This chapter introduces the reader to Data Science, an emerging dis-
cipline with the potential for significant impact on methodologies for
empirical research. The second sub-chapter describes discrete choice
experiments. The methods discussed in this chapter are applied in
several of the subsequent projects and thus introduced here in some
detail to avoid redundancies in later chapters.

4.1 Data science & empirical research

Data Science, an emerging field of occupations in data centric com-
panies, is concerned with the collection, processing and analysis of
data in order to derive insights that translate into value for a busi-
ness (Barga, Fontama, and Tok, 2014). Data scientists need to be pro-
ficient with skills from several fields such as statistics, programming
and solid understanding of theoretical aspects relevant to the subject.
The theoretical foundation is required to hypothesize on possible re-
lations between objects of interest. Theoretical groundwork enables
scientists to define which data are necessary to test hypotheses. The
required data are often not directly available in a form that allows
analysis. Instead the information is often contained in unstructured
data or dispersed over data bases. Programming skills enable data
scientists to collect and merge data, and to transform it into a suit-
able format for analysis. Statistical methods are used to model data
and test hypotheses. Because of the importance of statistical meth-
ods in the analysis of data, data science is sometimes defined as
an extension of statistics (Cleveland, 2001). However, data science
also encompasses methods from computer science, specifically from
machine learning. Machine learning, a sub-field of artificial intelli-
gence, is concerned with algorithms that enable computers to learn.
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Learning, in this context, is the automatic identification of patterns in
data and the generalization of these patterns for the purpose of ap-
plication to new data (Segaran, 2007). Some typical applications for
machine learning algorithms are classification, clustering or building
of recommendation systems (collaborative filtering). Machine learn-
ing is related to statistics in that is uses some of the same methods
with different terminology (e.g. regression analysis can be consid-
ered as a form of machine learning), but it also encompasses methods
that are not commonly used by statisticians (such as clustering algo-
rithms). Due to the availability and importance of data to companies,
data science has significant impact in applications in various sectors
(Piatetsky-Shapiro, 2012). In the scientific world the methods used in
data science are subject of research in the field of computer science.
In addition, the application of these methods to real world problems
is subject of research in some specialized data science journals such
as the Journal of Data Science.

With regard to this thesis data science is of interest as its meth-
ods allow to derive insights from data sources that are rarely used
in scientific analyses in the field of economics. Unstructured data in
the form of texts (e.g. scientific publications) are a potentially rich
source of information. Accessing and manipulating data contained
in various databases requires at least some understanding of rela-
tional databases, including relevant programming languages such
as the Structured Query Language (SQL). The larger the database
and the worse the quality of the contained data, the larger is the re-
quired skill-level: given a certain size of databases, simple operations
can take up significant amounts of time unless the operator is aware
of advanced concepts which allow processing datasets in acceptable
time frames. Additionally, if the data contained within the database
needs to be cleaned or harmonized, the database software often has
to be extended with special purpose functions. Given unstructured
text, it is necessary to quantify the information contained within. In
computer science this task is termed "feature extraction".

In traditional science, particularly in economics, there is a strong
focus on theoretically grounded research. Empirical scientists tend
to incorporate complex statistical models into theoretically driven re-
search. However, the collection and preparation of data is not typ-
ically elaborated on. This is regrettable for several reasons. If high
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quality journals do not provide incentives for high quality data col-
lection and preparation, the overall quality of research suffers. Ex-
panding the focus of academic research in economics to include the
aspects of programming, data cleaning and machine learning offers
two benefits: 1) transparency on methods used makes it easier to re-
produce and to connect to existing research, 2) machine learning en-
ables quantification of data that would otherwise require prohibitive
amounts of manual preparation. The following chapters briefly de-
scribe the machine learning algorithms and statistical methods that
are used in the subsequent chapters to extract information from var-
ious data sources. Some of these algorithms were used in multiple
projects and thus deserve discussion in some detail.

4.2 From raw text to topic models

The availability of large sets of unstructured data and of cheap
processing power enables companies and research institutions to
let computers extract information that is valuable in later stages of
analytical projects. Initial attempts to characterize texts focused
on reducing the amount of data by distilling texts into a few
representative data points (Blei et al., 2003). One such method
involves calculating simple frequency counts. These are useful for
gaining a quick overview of the focus of a text. Simple frequency
counts also show the necessity for pre-processing as the most
common words in a text, such as articles, contribute little to the
text’s message. Hence a common pre-processing step is to compare
a text to a list of “stop-words” and to filter out words that do not
contribute meaning. The remaining frequency distributions are only
a rough approximation of the text’s content and are not very useful
when comparing sets of documents. A more advanced method
normalizes the frequency counts of words in one document with
the frequency count of the same word over all documents in a
corpus. Thus the "term frequency – inverse document frequency"
(tf-idf) method weights words according to how characteristic they
are of individual texts (Salton and McGill, 1986). Given a collection
of texts in a corpus (dεD), the tf-idf weight of a word for one text
can be calculated as the product of the frequency of that word in the
current text (fw,D) and the inverse document frequency. The inverse
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document frequency is the logarithm of the number of texts in a
corpus (|D|) divided by the number of texts containing the word to
be weighted (fw,D):

tfidf = fw,D log
|D|
fw,D

(4.1)

Tf-idf is a robust method (which will be employed for some
tasks in subsequent chapters) but still lacks complexity to accurately
describe larger text collections and the interdependencies between
documents. An advancement over tf-idf was achieved with latent
semantic indexing (LSI), also sometimes referred to as latent
semantic analysis (Deerwester et al., 1990). LSI is used to find
a word with related meaning by analyzing co-locations within
texts. LSI starts with a term-document matrix that is filled with
weighted frequencies such as those derived from tf-idf. The
matrix then undergoes a singular value decomposition (SVD), i.e.
decomposing a matrix as product of three matrices, one of which
contains the original matrice’s singular values. In the context of LSI,
SVD is used as a method of dimensionality reduction: the term
document matrix with its high dimensionality arising from the
large number of words in a corpus is reduced to a small number
of vectors that preserve semantic information on related words.
The linear subspace identified by LSI is able to capture some
linguistic features of text such as polysemy and synonymy (i.e.
one word with different meanings or different words with similar
meaning). In order to verify the ability of LSI to recover semantic
aspects of texts, generative models were created. Probabilistic LSI
could be used to recover features of the generative model from
text collections (Hofmann, 1999). Probabilistic LSI samples words
in a text from a mixture of multinomial distributions over all
words in a text collection. These distributions are labelled "topics"
as they tend to contain semantically related words. However,
probabilistic LSI does not provide a probabilistic model at the level
of documents, which precludes the model from being applied to
"unseen" documents, i.e. documents that were not included in the
data used to estimate the model. This shortcoming was addressed
with the Latent Dirichlet Allocation (LDA) model (Blei et al., 2003).
LDA is a generative model that represents documents as mixture
of latent probability distributions over words ("topics"). For the
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generation of one document, topics are sampled repeatedly from
the dirichlet distribution and subsequently words are sampled from
each of these multinomial distributions. This allows one document
to be associated with several topics, which is a defining feature of
LDA. The latent variables of the various distributions are uncovered
from texts using Bayesian inference. The generative process for a
document with N words is:

1: Choose Θ ∼ Dir(α)

where Θ is a distribution of topics in a document obtained from
a dirichlet distribution with parameter α.

2: For each of the N words:

a. choose a topic zn ∼Multinomial(Θ)

b. choose a word wn from p(wn|zn, β)

where β is aK∗V (number of topics times vocabulary size) matrix
where each row contains the probability distribution of words for
one topic. The joint probability for a set of N topics z and N words
w and a distribution over topics Θ is given by:

p(θ, z,w|α, β) = p(θ|α)
N∏
n=1

p(zn|θ)p(wn|zn, β) (4.2)

LDA estimates the posterior distribution of hidden variables from
the observed words of a document:

p(θ, z|w, α, β) =
p(θ, z,w|α, β)

p(w|α, β)
(4.3)

This distribution can be estimated with Markov chain Monte Carlo
methods such as Gibbs sampling.

LDA allows the representation of documents in a reduced vector
space similar to tf-idf, captures semantic structures as LSI and can be
applied to documents not in the training set. The vector representa-
tion allows the comparison of documents with similarity metrics for
such purposes as categorization or novelty detection.
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4.3 Discrete choice experiments

Discrete choice models are used to predict people’s decisions for one
of several discrete alternatives. Discrete choice experiments encom-
pass the collection of data for discrete choice models and their analy-
sis. In order to gain a better understanding of variables that may af-
fect a decision making process in a given context a discrete choice ex-
periment confronts subjects to scenarios with differences in the lev-
els or amount of some variables believed to be relevant. The subjects
are then asked to choose the preferable scenario. Through repeated
observation and systematic choice of variable levels we gain an un-
derstanding which variables contribute more to the decision making.
Since discrete choice experiments are used in two of the subsequent
chapters of this thesis, they deserve some elaboration. The following
sections describe the experimental setup for discrete choice exper-
iments as well as the statistical methods used to analyze collected
data.

4.3.1 Experimental design

Discrete Choice (DC) experiments belong to the group of Stated
Choice (SC) experiments, a popular framework for the design of
experiments. SC experiments differ from traditional experiments in
that they are intended to elicit a choice between alternatives rather
than being based on revealed preferences, i.e. preferences that can
be observed in real data (Louviere, Flynn, and Carson, 2010). The
purpose of discrete choice experiments is to determine the influence
of attributes on choice alternatives by surveying participants on
their preferences for alternatives. A drawback of stated choice
experiments is that when multiple attributes exist, a large sample
size is required to estimate parameters. This makes it necessary to
pool the obtained responses (Rose and Bliemer, 2009). Hence, in a
typical DC experiment each respondent will be confronted with
several choice situations, i.e. combinations of attribute levels, and
asked to choose from one of the available alternatives. The resulting
dataset contains several observations for each participant for a given
combination of attribute levels. The objective of experimental design
is to determine which attribute levels should be used for the various
choice situations in order given that the number of participants
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to the survey is likely to be relatively small. For this purpose DC
experiments are often described with a design matrix, which lists
choice situations as rows and choices as well as choice-specific
attributes in columns as shown in Table 4.1. To determine which

Choice 1 - Attribute 1 Choice 1 - Attribute 2 Choice 2 - Attribute 1 Choice 2 - Attribute 2
Choice Situation 1 0 2 1 2
Choice Situation 2 3 1 3 2

TABLE 4.1: Sample Design Matrix

attribute levels should be assigned to cells in the design matrix,
researchers have traditionally used the orthogonal design approach.
However, orthogonal designs have been subjected to some criticism
(Kessels, Goos, and Vandebroek, 2006). Orthogonality refers to the
correlation between attributes with an orthogonal design exhibiting
zero in-between attribute correlation. This property of designs is
important for the determination of independent effects in linear
models (Rose and Bliemer, 2009). However, discrete choice models
typically are not linear but instead assume a logit or probit model.
With non-linear models the correlation of differences between
attributes is more relevant to the design of choice experiments
(Train, 2009). Designs that attempt to minimize the asymptotic
standard errors of the parameter estimates (i.e. the square roots of
the diagonal elements of the asymptotic variance-covariance matrix)
have been found to yield more stable parameter estimates or reduce
the required number of observations to reach stable estimates
(Huber and Zwerina, 1996). Designs that are optimized to reduce
the asymptotic standard errors of parameter estimates are labeled
efficient designs (Rose and Bliemer, 2009).

The creation of an experimental design involves the
characterization of an econometric model, the choice of a suitable
design method, the generation of the design matrix and finally the
incorporation of the design matrix into a survey. The econometric
model is typically a multinomial logit model as described in section
4.3.2, which measures the preference for a choice alternative as
function of choice attributes multiplied by parameters. Ideally
the econometric model is fully specified before development of
the experimental design. The specification includes the number
of choice alternatives, the attributes and their levels as well as a
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distinction between choice-specific attributes and those that are
constant across alternatives.

The next step concerns the generation of the experimental design
and the associated design matrix. The required number of choice
situations in a design is a function of the attributes and their levels.
The smallest number of choice situations is the smallest number that
is divisilbe by all attribute levels of the various attributes (Rose and
Bliemer, 2009). The choice of design type is typically determined
by practicality. A full factorial design, which requires all possible
choice situations, is usually not feasible (as the number of required
observations increases exponentially with the number of attributes).
Instead, fractional factorial designs are used to limit the number of
required observations. Fractional designs can limit the number of
scenarios per survey participant by randomly selecting choice situ-
ations. However, the resulting parameter estimates may be biased.
One popular fractional factorial design method which avoids this is-
sue is the orthogonal design. The orthogonal design enables inde-
pendent parameter estimation by selecting a subset of the full facto-
rial design, while minimizing the correlation between attribute levels
in choice situations. If the resulting design is still too large for an ex-
periment (i.e. too many choice situations need to be considered by
one participant, which would adversely affect the response rate), the
design can be blocked. That is, different respondents are presented
with different subsets of the orthogonal design. The blocks do not
need to be orthogonal, but they need to satisfy attribute level balance
(i.e. one respondent is not confronted with only high or only low
levels for one attribute). However, an orthogonal design does not
necessarily lead to an orthogonal data set: non-responses or varying
response rates in blocked designs can cause the loss of orthogonal-
ity in the resulting data. Orthogonality may also be lost if additional
variables, such as demographic data, is used in the estimation. These
variables are often constant for individual respondents and thus in-
troduce correlation between attribute levels into the data set (Rose
and Bliemer, 2009).

Efficient designs provide an advantage over orthogonal designs
in that they maximize the information obtained from each choice sit-
uation. For this purpose prior information on parameters are used
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to create a design that minimizes the expected standard errors of pa-
rameter estimates. The standard errors are the off-diagonal values
in the asymptotic variance-covariance matrix obtained as the second
derivative of the log-likelihood function. The matrix can be deter-
mined by Monte Carlo simulation. The orthogonality attribute is im-
plicitly considered in efficient designs if the attribute has a negative
impact on parameter standard errors (Rose and Bliemer, 2009).

The final step of a discrete choice experiment is to use the design
matrix to create a questionnaire. The cell values of the design ma-
trix are converted to descriptions of the attribute levels and inserted
into a survey. The resulting survey data on choice preferences can
subsequently be used in regression analysis.

4.3.2 Logistic regression and related models

In the simplest case a discrete choice can be modeled using logis-
tic regression. In this case the choice between two alternatives is
modeled using a linear combination of independent variables. Since
the dependent variable is discrete, the conditional distribution of the
dependent variable given the predictors is a Bernoulli trial with lo-
gistically distributed errors (in contrast to probit regression with its
normally distributed errors the logistic distribution has higher kurto-
sis). Logistic regression models the probability of observing an event.
The combination of predictors needs to be converted from continu-
ous into discrete space using the logistic function:

F (x) =
1

1 + e−g(x)
(4.4)

with F (X) as the probability of observing one of the two possible
outcomes and g(x) as linear combination of predictors and their co-
efficients:

g(x) = β0 + β1x (4.5)

This corresponds to taking the logit (the inverse of the logistic) func-
tion of the odds of the dependent variable. Taking the logarithm of
the odds transforms the discrete dependent variable into a continu-
ous space and establishes a link between the independent variables
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and the probability of observing an outcome.

ln

(
F (x)

1− F (x)

)
= β0 + β1x (4.6)

When exponentiated, this allows to easily interpret the effects of co-
efficients by taking the odds ratio, i.e. the ratio of two odds: the rela-
tion of the odds of f(x) and f(x + 1) results in eβx. In other words,
increasing regressor x by one results in a multiplicative change of the
odds ratio of eβ1 .

Binomial logistic regression can be extended to multinomial lo-
gistic regression (also known as softmax regression or maximum en-
tropy classifier) in cases where the dependent variable can take on
more than two outcomes. In discrete choice analysis, multinomial lo-
gistic regression is popular as questionnaires often include a "none"
option when asking for a choice between two options. Given the
assumption that adding additional alternatives does not change the
preference in a choice between two given alternatives, it is possible
to model a multinomial dependent variable with k classes as func-
tion of k−1 binary choices with one alternative as reference to which
the k − 1 alternatives are compared:

ln

(
F (Yi = 1)

F (Yi = K)

)
= β1,0 + β1,1xi

..... (4.7)

ln

(
F (Yi = K − 1)

F (Yi = K)

)
= βk−1,0 + βk−1,1xi

which, given that the probabilities of each outcome sum to one, can
be transformed into the expression:

F (Yi = K) =
1

1 +
∑K−1

k=1 e
βkxi

(4.8)

which can be used to estimate the probability of each outcome by
dividing the exponentiated linear combination of predictors and co-
efficients for the outcome of interest by the denominator given in
equation 4.8. As indicated in equation 4.7, each outcome category
is associated with a set of coefficients. These are estimated using
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a modification of the maximum likelihood estimator that uses L2-
regularization to avoid large coefficient estimates. In the context of
discrete choice experiments it is often the case that in addition to vari-
ables that differ between subjects there are variables that character-
ize the choices. To account for choice-specific independent variables
the multinomial logistic regression has been extended by the con-
ditional logit model (McFadden, 1973). Another common issue in
discrete choice situations is unobserved heterogeneity between sub-
jects. To account for unobserved variables that may affect a subject’s
choice preference it is possible to add random effects to logit models.
However, while this allows to correct for bias introduced due to un-
observed heterogeneity, it is not very useful for inference. One way
to explicitly model unobserved heterogeneity is to assign subjects to
one of several groups of subjects. This latent class (LC) model allows
to take into account individual and choice specific variables while
providing information on whether there are clusters (latent classes)
of subjects with different preferences (Lazarsfeld, Henry, and Ander-
son, 1968). In contrast to other latent variable models (such as ran-
dom effects regression), the LC model’s latent variable is categorical.
The resulting assignment of subjects into categories with differing
preferences makes LC regression useful for the interpretation of re-
sults arising from discrete choice experiments as the probability of a
subject belonging to a given class can be linked to variables of inter-
est (Hess et al., 2011). For the latent class logit model the probability
of subject n who belongs to class s with a probability of πns choosing
choice alternative i given a set of class-specific parameters βs is given
by:

Pn(i|β1, ..., βS) =
S∑
s=1

πnsPn(i|βs), (4.9)

which represents a finite mixture model that consists of weighted
sums of probabilities for the distributions contributing to the mix-
ture. The class probabilities can be estimated with a multinomial
logit model:

πns =
eg(λs,zn)∑S
s=1 e

g(λs,zn)
, (4.10)

where zn are variables that may affect class probability with the es-
timated parameters λs. To determine the optimal number of classes
the model is estimated with several estimates for S and a likelihood
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criterion (such as AIC or BIC) is used to choose the best solution.
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Chapter 5

Literature review using
machine-learning methods

This chapter presents the findings of a project1 intended to comple-
ment traditional methods with machine learning in order to identify
research streams in Entrepreneurship and to determine what drives
the impact of articles in the field. We studied the conflict between
two mechanisms influencing impact of scientific articles using an
extensive dataset derived by methodological innovations of proven
methods. The project covers contributions published in journals, in-
dexed by the web of science database resulting in 15.598 individual
articles.

Professionally our methods of transmitting and reviewing
the results of research are generations old and by now are totally
inadequate for their purpose. (Bush, 1945)

The quote from a famous article by Bush refers to a problem in scien-
tific work that is still an issue: the time required to process existing
research, in order to identify gaps, increases with the constantly ex-
panding volume of information. Bush imagined a record-keeping
machine that would solve these issues. Publication databases are
now well established and valuable tools that mitigate the problem
described by Bush to some extend. However, the ever increasing
specialization increasingly requires scientists to bridge disciplines to
arrive at new insights. Hence the quote by Bush is still relevant.

This chapter shows how the methods described in Chapter 4 can
be applied to complement traditional literature reviews. Information
obtained in the process in then used for a science of sciences-type

1The study is the result of joint work with Hannes Lampe (Hamburg University
of Technology).
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analysis of the field of entrepreneurship. This field contains litera-
ture on the topic of university-industry knowledge transfers, hence
the results of literature reviews are helpful as preparation for subse-
quent studies. Also, entrepreneurship science, a relatively new field
with influences from several other fields, is an interesting choice for
a meta-scientific analysis.

It has been noted in various disciplines that the number of pub-
lished scientific articles increased exponentially in the last 20 - 30
years. This trend presents both opportunities and obstacles for the
budding scientist: scientific work traditionally encompasses a phase
of catching up, i.e. understanding the status quo in a given discipline
in order to identify gaps in existing research. If the amount of papers
that need to be considered increases exponentially, the only viable
strategies involve either decreasing the amount of time spent on one
article or to specialize on a narrow subset of existing publications.
Whichever filtering approach is used, there is a risk that the selection
of papers has a strong influence on the scientist’s ability to identify
gaps and formulate research accordingly. For example, a focus on re-
cent publications may eclipse opportunities that might arise from the
combination of a recent and an older idea. A focus on a narrow field
within one discipline may lead to blindness towards important infor-
mation from adjacent fields. Hence, in addition to the conventional
approach to literature reviews, this thesis investigates how advances
in automatic text processing can be used to improve the efficiency of
literature reviews. The intention is not to replace the conventional
literature review but to complement it by visualizing the progress in
a discipline over the last few decades.

The following sections give a brief introduction to prior literature
on the field of Entrepreneurship and present methods used to derive
our results. This chapter is concluded by a section discussing the
findings.

5.1 Introduction

Entrepreneurship science as a field of research has so far been char-
acterized predominantly by literature reviews focusing on smaller
subsets (Schildt, Zahra, and Sillanpää, 2006) or by qualitative articles
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that focus on the research framework in comparison to other disci-
plines (Shane and Venkataraman, 2000).

There is a research gap as regards quantitative analysis of the
structure of the entirety of entrepreneurship science and the conflu-
ence of these two streams. There are a number of relevant applica-
tions to an exhaustive structure of entrepreneurship science: bud-
ding scientists require an overview of existing research directions
and tools to identify relevant articles. Available tools, such as search
engines for scientific databases, are restricted in their utility by the
coarseness of parameters. It is easy to omit relevant research with a
given search strategy or, at the other extreme, to receive a flood of
irrelevant publications. Further, exhaustive information on the sta-
tus quo enables us to estimate the impact of articles as a function of
characteristics of entrepreneurship science. This is relevant for two
reasons: scientists may want to know which type of article pays the
highest dividend in form of citations. Perhaps more importantly, be-
ing aware of the factors that shape scientific impact is relevant to
the design of the framework of a scientific field: identifying possible
mis-matches between attractive areas and those with high potential
may enable policy that helps the field to live up to its potential rather
than taking a more or less random direction influenced by career as-
pirations of individual scientists.

Entrepreneurship research has been described as a relatively frag-
mented field of science (Gartner, 1990; Shane and Venkataraman,
2000; Schildt, Zahra, and Sillanpää, 2006). With regard to formulat-
ing an optimal research framework, the question needs to be asked
to what degree fragmentation (or, as we label it in this study, diver-
sity) presents a benefit or detriment to scientific progress. We show
how trends in entrepreneurship research influence downstream re-
search and in particular how diversity of upstream work influences
the impact of appendant publications using an extensive dataset ob-
tain with methodological innovations to proven methods and derive
implications for individual researchers as well as the larger discus-
sion of designing a research framework for entrepreneurship science.
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5.2 Literature reviews on entrepreneurship

science

Scientific impact is often equated to or derived from counts of
citations (Martin and Irvine, 1983; Wang, 2014) although the
limitations of citations as measure for the distinct concepts of quality
(Martin and Irvine, 1983) or novelty (Lee, Walsh, and Wang, 2015)
have been acknowledged. Citation measures can be aggregated at
the journal level (Moed, 2010), which indicates that aggregating
citations for a subfield of entrepreneurship research (cluster) may
be viable. As impact measures are important to scientist’s careers,
it is likely that scientists will tend to publish in areas that promise
a large return on their investment. A simple heuristic explaining
participation would be to look at research areas that have delivered
above average impact and to attempt to contribute to such an
area. If researchers follow this heuristic, the expected payout
of participating in a popular research field increases due to the
large number of scientists attracted by the popularity of the field.
Therefore, building up on relatively often cited research and thus
appending to an established highly cited research stream, might
increase own paper citations. Hence we formulate:

Hypothesis 1: The higher a cluster’s citations per year
(popularity), the higher downstream paper’s citations.

The concept of diversity has been central to many studies on sci-
entific impact (Lee, Walsh, and Wang, 2015; Van Noorden, 2015).
Since the purpose of scientific literature is the advancement of a field
of science and since advancement is closely related to innovation, it
seems logical to investigate a correlation between factors that enable
innovation and scientific impact. Innovation has been defined as re-
combination of existing knowledge (Schumpeter, 1934). Knowledge
derived from this process can be identified by some form of diver-
sity. Previous literature has, for example, investigated diversity in
terms of individual characteristics, such as gender or nationality, or
in terms of content of texts describing the knowledge (Harrison and
Klein, 2007).
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The diversity of information has also been previously proxied
by educational background or speciality (Williams and O’Reilly III,
1998). We conceptualize diversity in terms of variety in subject labels
of scientific clusters/ sub-research fields derived from bibliometric
data of scientific publications in Entrepreneurship science.

Typically, as innovation is regarded as desirable, recombination
and its indicator diversity are understood as indicators of high re-
search impact. However, recent studies have demonstrated that indi-
viduals may interfere with this relation due to cognitive limitations:
if research impact depends on citations, which in turn depend on
subjective evaluation of science, then research impact is influenced
by human biases towards diversity. Boudraeu et al. (2016) find that
the evaluation of research proposals is negatively biased if the pro-
posal’s content is novel. Piezunka and Dahlander (2015) find that
companies seeking innovative solutions to R&D problems tend to
blend out submissions that are more distant to their own domain in
some situations. Noteboom et al. (2007) find an inverted u-shape
relation between innovation performance of companies and the cog-
nitive distance to partnering firms. A closely related finding by Uzzi
et al. (2013) shows that high impact science derives for the most
part from conventional recombination of knowledge. Van Noorden
(2015) shows that interdisciplinary research has lower impact in the
short term and higher impact in the long term, and that the field of
economics is less interdisciplinary relative to other sciences.

Based on prior research we predict that the impact of an article
depends to some degree on the diversity of the sub-research field
it is supposed to extend. Higher diversity will be more difficult
to assess for the audience, leading to lower acceptance. For
example, if literature reviews are characterized by a high content
and methodological diversity, we expect the average respondent to
be negatively biased towards the more distant information and
therefore the number of citations to decrease. Another mechanism
that may lead to the same conclusion would be that a research field
with high diversity offers little opportunity for novel recombination
of knowledge.

Hypothesis 2: A cluster’s subject variety decreases downstream
article’s citations.
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Furthermore, we are interested in the interaction of these two
effects. An increase in cluster diversity most likely facilitates
contributing to respective cluster due to the exponential relation of
possible recombination’s and number of subject categories. Given
the mechanism defined for Hypothesis 1 leads us to predict that
contributions to highly diverse clusters that are also highly popular
leads to an increase in downstream article impact.

Hypothesis 3: The effect of a cluster’s citations per year
(popularity) on downstream article’s impact is positively
moderated by the cluster’s subject variety.

To answer our research questions we need detailed and compre-
hensive data. The next chapter explains how we compose this data
basis.

5.3 Data and methods

This section discusses data and methods used for this project, in-
cluding the methods used for collecting and processing the data, a
description of co-citation analysis, keyword extraction, classification
and regression methods.

5.3.1 Data

To analyze Entrepreneurship research we use Thomson Reuters Web
of Science (WOS) to retrieve bibliometric data on corresponding pub-
lications. WOS is a prominent citation database, covering over 10.000
high impact journals and 120.000 international conference proceed-
ings. As customary in prior research (Schildt, Zahra, and Sillanpää,
2006), we capture a broad selection of potentially relevant articles
by using the search term “entrepre*”. The query was applied to pa-
per titles, abstracts as well as keywords (both original keywords and
keywords generated by WOS). The search was conducted in August
2014 including a timespan from 1945 to August 2014 resulting in
21.973 unique WOS Records. Excluding all non-articles (e.g. book
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chapters or proceeding papers) resulted in 16.683 documents; leav-
ing out all articles written in another language than English left us
with 15.598 documents.

Figure 5.1 shows the total publications of Entrepreneurship from
1945 to 2013. A strong increase of publications since the 1990s is quite
apparent. Presumably, the increasing number of publications gives
rise to more diversity in the research field that may therefore benefit
from this systematic analysis. This lies in accordance with Ireland,
Reutzel and Webb (2005), who point out the continuing evolution of
entrepreneurship research as a viable research paradigm.

 
FIGURE 5.1: Entrepreneurship Publications Per Year

In contrast to earlier studies, we do not remove articles based on
a selection of journals according to their relevance to the field of en-
trepreneurship. While such a selection reduces the number of false
positives that inevitably result from a simple search strategy such as
“entrepre*”, it potentially also removes articles which may be of in-
terest as they may be located at an intersection of entrepreneurship
and other research fields. The problem of false positives is mitigated
to some extent by the parameter selection for the co-citation analy-
sis, described in the next section. Table A1 shows the top 43 journals
with the most publications of articles included in this study. Schildt
et al. (2006) analyze the research field of entrepreneurship on the
basis of publications in 27 Journals (denoted by *). Several journals,
which appear to be highly relevant to entrepreneurship by now, are
not included. Excluding these journals would remove 74,62% of the
articles included in our dataset. It appears that the smaller temporal
scope of previous research in combination with changing publication
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trends has made previous lists of influential journals a poor choice to
delineate the research field today.

5.3.2 Methods

Dividing entrepreneurship research into clusters/sub-research fields
and studying how these clusters’ characteristics influence the impact
of downstream articles requires a combination of diverse methods.
Hence, the following sections give a brief introduction to co-citation
analysis and our regression analysis. Linking the two methods is
facilitated using automatically extracted keywords.

Document Co-Citation Analysis. Citation analysis is a growing
research area, applied in several research domains. It enables a quan-
titative analysis of citations and is therefore more and more adopted
as a state of the art tool to overcome subjectivity (Lampe and Hilgers,
2015; Schildt, Zahra, and Sillanpää, 2006).

The most popular approach is bibliographic coupling, occurring
when two works reference a common third work in their bibliogra-
phies. Document co-citation, in contrast, is defined as the frequency
with which two documents are cited together by other documents.
The distinction of these two semantic similarity measures is illus-
trated in Figure 5.2.
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FIGURE 5.2: Distinction of Document Co-citation and
Bibliographic Coupling

As document co-citation analysis (DCA) connects articles cited in
the same paper, it is a measure for their relatedness due to belonging
to the same topic or because their topic areas are closely connected
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(Cawkell, 1976; Garfield, Malin, and Small, 1983; Small, 1973). As
some co-citations may be unrelated, we included a comprehensive
database in this analysis to overcome this noise.

Data was preprocessed using the software Sci2 (Team, 2009) in
accordance with prior research (Lampe and Hilgers, 2015). This pro-
cess can be distinguished into four steps. First, converting all letters
to lower case and thus enabling case-insensitive algorithms to detect
similarity in authors. Second, we merged identical authors using the
Jaro-Winkler metric (Jaro, 1989; Winkler, 1999). The Jaro-Winkler al-
gorithm estimates the similarity of two pieces of text by counting and
weighting disparate letters, so that deviations closer to the beginning
of a text receive a larger penalty to the similarity score compared to
deviations later in the text. Potential matches with high similarity
were matched automatically. In cases with lower similarity score, the
pairings of author names were controlled manually. Third, based on
an “Authoritative Journal Merging List” provided by the Sci2 Team
(2009), we merged identical journals to account for misspellings in
the references of articles. Fourth, citations were matched to docu-
ments.

We then excluded all papers with less than four references to only
include research articles, resulting in 14.657 papers (after visual anal-
ysis of the distribution of citations four appeared like a reasonable
cut-off to delineate research articles from other data). In the next
step, we only kept articles with 15 or more citations in order to focus
on articles by specialists in this research domain (resulting in 3.358
articles). This enables our findings to be built upon a wide range of
expert opinions. After building the DCA-network, we deleted iso-
lates (i.e. papers not linked in the DCA-network to other articles);
resulting in the final dataset, including 2.117 articles and 62.511 co-
citation links. These steps enable a robust citations analysis mini-
mizing the possible effect of noise (Lampe and Hilgers, 2015). Fol-
lowing earlier research, we adopt the Jaccard index (Jaccard, 1901) as
a normalized measure for the connectivity of co-cited articles (Small
and Greenlee, 1980). This index describes the ratio of the number
of co-citations to the total citations minus their common citation (co-
citations) (Gmür, 2003). The value of the Jaccard index (S) ranges
from 0 (no co-citations) to 1 (representing perfect co-citation) and is
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stated as follows:

S =
|A ∪B|
|A ∩B|

(5.1)

with A and B as the set of citations received by two articles.
To define co-citation clusters and distinguish them from each

other, we chose a rather crude method. We exclude articles’ links
representing a weak connectivity of articles (Jaccard value lower
than 0.2). The cut off value of 0.2 results from a comparison of
various cut-off values and the resulting number of disconnected
components in the network. We tried to find a value where the
number of clusters would not change with a slight change of this
value (Lampe and Hilgers, 2015).

Compared to previous research, this cut off value is quite small
(Schildt, Zahra, and Sillanpää, 2006), a necessity following the larger
number of articles considered in the dataset. The issue of false pos-
itives showing up in the dataset due to the basic search query is
mitigated by this step: papers that do not belong to the field of En-
trepreneurship are unlikely to have been highly co-cited by those pa-
pers that do belong to the field.

Automatic Keyword Extraction. Inconsistency of available data
also affects the keywords provided in the dataset. Both, “new ISI
keywords” (keywords generated by Thompson Reuters WOS) and
“original keywords” (keywords supplied by the papers’ authors) are
only present for about 50% of all texts. The value of these keywords
is questionable as well: the original keywords are not standardized,
whereas the ISI keywords fail to capture the information relevant
for identifying research clusters. They seem to be more suitable for a
more abstract classification. Hence, we created new sets of keywords
regarding the clusters of the DCA. A popular method in data analysis
for weighting the importance of words in text collections is tf-idf (see
Chapter 4) (Robertson, 2004).

To enable the definition and allocation of keywords to each clus-
ter determined by DCA, available abstracts and titles for one cluster
are added to a new document. After appropriate pre-processing, the
term frequencies are calculated per cluster and over the collection of
clusters. Subsequently, tf-idf scores are obtained using the Python
package Gensim (Rehurek and Sojka, 2010). Pre-processing includes
stop-word removal, i.e. the filtering of words that add little meaning
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to a text such as articles or pronouns. Remaining words are stemmed
(i.e. reducing words to their stem by removing word endings that re-
sult from grammatical cases such as the plural or genitive -s) using
the Python library Natural Langage Toolkit (NLTK) (Bird, Klein, and
Loper, 2009).

This allows for aggregating different forms of words (e.g.
plural and singular of a word). Furthermore, numbers, very short
words (less than three characters) and non-alphabetic characters
are removed, and capital letters are replaced by their underscore
equivalents. This results in a list of tf-idf-weighted words for each
cluster, where the highest ranked are kept. To facilitate comparison
to existing (original and ISI) keywords, the three most frequent
keywords for each cluster are extracted.

From keyword to classification. Co-citation analysis, while es-
tablished in the literature as a useful tool, is limited in its utility by
the fact that it requires articles with a certain number of citations
and results in clusters of high impact publications. New publications
and those with few citations are omitted. To avoid this problem, one
could attempt to find clusters using alternative methods, for exam-
ple using machine learning on semantic data to estimate the similar-
ity between papers. However, machine learning algorithms present
their own drawbacks: supervised algorithms require correctly clas-
sified data. Unsupervised algorithms return results that are highly
susceptible to the choice of algorithm parameters. In order to include
a large sample of publications in our study, we opted for a compro-
mise – extending the co-citation analysis with machine learning al-
gorithms based on semantic data. Using cluster-specific keywords,
we initially classified publications using a simple heuristic: if the title
and abstract of a publication contain more than three of the four most
significant keywords (defined in the previous section), we attribute
that publication to the respective cluster. This increased the sample
of labelled data (i.e. publications that could be assigned to one clus-
ter) by 1667 publications. Newly labelled data were checked manu-
ally by comparing their titles and abstracts to the cluster definitions
derived from co-citation analysis. Approximately 70% of the publi-
cations classified with tf-idf-based cluster keywords appeared to be
labelled correctly. New labels and original labels from co-citation
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analysis could then be used to train an unsupervised machine learn-
ing algorithm.

This algorithm, available in Scikit-learn (2011), a machine learn-
ing package for the Python programming language, comprised sev-
eral data pre-processing steps and a support vector machines (SVM)
classifier trained with a stochastic gradient descent function. Param-
eters for the various steps were obtained by searching a parameter
space for optimal values whereby the optimum was defined as high-
est cross-validated accuracy. The resulting classifier has an accuracy
of 79%. Finally, the classifier was used to assign labels to all publica-
tions in our dataset for which title and abstract were available (14,053
publications).

Technically it is of course possible that these articles are written
before the cluster has been published. This might be due to articles
analyzing similar topics but not being recognized as fundamental
articles for this research stream. To overcome this problem we fur-
ther neglect all articles belonging to a sub-research field and being
published before the last article of this underlying cluster. Further-
more, neglecting articles with missing data, our resulting data set for
classification consists of 9.846 articles. All of these do not belong to
the cluster detected by DCA. These article are further referenced as
downstream or appendant literature.

Regression analysis. The dependent variable "impact" is oper-
ationalized by citation counts in Web of Science. This measure is
commonly used by scholars when analyzing patents or publications
(Martin and Irvine, 1983; Moed, 2010; Wang, 2014; Lee, Walsh, and
Wang, 2015).

Two independent variables are incorporated into our model.
First, citations per year in the underlying cluster used to measure
the impact of the underlying sub-research field an article belongs
to. Second, the variety of a cluster’s articles are taken into
consideration. We measure a cluster’s variety using articles’ subject
categories listed by Web of Science. We create a Blau index as a
measure for a cluster’s variety (Harrison and Klein, 2007; Lee,
Walsh, and Wang, 2015):

blauindex = 1−
∑

p2k (5.2)

where pk is the proportion of members in the k-th field category. In
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our analysis the 35 clusters consist of 335 articles and 17 different
subject categories (the distribution of the association to Web of Sci-
ence subject categories is shown in Table A2). As our first indepen-
dent variable is correlated to cluster size (number of articles), we did
not explicitly control for cluster size. Furthermore, the correlation be-
tween a cluster’s size and its blue index is almost negligible (Pearson
correlation: 0.1274) due to the definition of the blue index.

Control variables are the age of the paper (in years compared to
2015), the number of authors, the amount of included references in a
paper and the number of pages. The descriptive statistics are shown
in Table 5.1.

 (1) (2) (3) (4) (5) (6) (7) 
(1) Citations 1       
(2) Variety of underlying Cluster -0.04 1      
(3) Citations of underlying cluster (per year) -0.11 0.02 1     
(4) Age of paper 0.41 -0.03 -0.26 1    
(5) Number of Authors 0.02 -0.05 0.03 -0.1 1  
(6) Number of Pages 0.08 -0.03 -0.01 -0.00 -0.04 1  
(7) References 0.07 -0.04 0.06 -0.21 0.0 0.38 1 
        
Mean 7.83 0.32 152.59 4.98 2.21 18.13 56.49 
SD 21.7 0.18 136.45 3.59 1.41 8.98 33.86 
Min 0 0 4.28 1 0 0 0 
Max 618 0.61 510.97 25 68 216 476 

Notes: N = 9846. 
 TABLE 5.1: Descriptive Statistics

The output is measured as the amount of citations per paper. As
the dependent variable cannot assume values smaller than zero and
is initially treated as integer values, we are dealing with count data.
Furthermore, our dependent variable is skewed suggesting that a
Poisson regression may be appropriate (Atkins et al., 2013). In ad-
dition, our dependent variable is over dispersed, consequently the
negative binomial estimation framework was chosen for our analy-
sis. In this case, a generalized linear model (GLM) is adopted, using
the logarithm as a link function.

5.4 Results and discussion

This section is divided into two parts, covering the results of the
methods described above. First, we present 35 research clusters
identified by using document co-citation. Second, the results of our
downstream article impact regression are discussed.
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5.4.1 Research Clusters

This study aims to determine a quantitative categorization of en-
trepreneurship sub-research field. Therefore, we conduct a docu-
ment co-citation analysis akin to that of Schildt et al. (2006) to reveal
the different clusters of these research areas. In contrast to Schildt et
al. (2006), we include a much broader dataset. Thus, we give a more
extensive overview of entrepreneurship research. Given that we are
interested exclusively in the most cited and coherent groups of ar-
ticles, obviously some of the highly cited articles will be excluded
from this analysis due to their lacking affiliation to a cluster (the most
cited articles are stated in Table A3).1 The top ten cited clusters are
displayed in Figure 5.3. Each document is represented by a node
and its size simulates the number of citations a document has. Edges
represent the co-occurrence of articles in the reference of an article
and its strength corresponds to the value of the Jaccard Index. Clus-
ters smaller than or equal to 3, as well as clusters represented by a
star, are neglected. In total we found 35 clusters stated in Table A4.
Next to a cluster’s total citation count, the amount of associated arti-
cles, and the average cites per article with regard to each cluster are
stated. Additionally, we state the publication date of the earliest and
youngest article of each cluster. A concise overview of each cluster
is given referring to its most cited articles. Headings for each cluster
are created by screening articles manually.

1Table A3 lists the top 40 cited research articles of entrepreneurship science,
ranked by total citations and citations per year.
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FIGURE 5.3: Top Ten Clusters by Sum of Citations

Interestingly, some of the top clusters (five and seven) contain
only very few papers with high citation counts, whereas other clus-
ters consist of many publications with smaller and more evenly dis-
tributed citation counts per article (clusters one to three). Cluster
three (venture capital policies and financing) seems to differ from
other clusters: even though it contains fewer papers than cluster one
or two, it contains many more edges, resulting in a higher density
compared to other clusters. Visually, this is represented by the clus-
ter taking up more space even though it contains fewer papers.

It appears that the top clusters are represented mostly by papers
published in the last two decades. Very recent papers may not be
available in Web of Science or may not have been cited often enough
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for co-citation patterns to emerge. But it is surprising that older pa-
pers do not seem to be part of these clusters. Intuitively, papers that
had more time to be cited and that are upstream in a field of re-
search should receive many co-citations and therefore show up in
clusters. A possible explanation is that this intuitive reasoning ap-
plies; but is moderated by the small yearly publication numbers be-
fore 1990, which may in turn be influenced by data coverage of the
Web of Science database. Concerning the issue of false positives men-
tioned above, it appears that most clusters belong to the field of eco-
nomics with only a few exceptions from other research areas: cluster
18 seems to be closer to the field of arts and humanities.

5.4.2 The Effect of Cluster-Variety on Research Impact

Given the importance of scientific impact, especially concerning ca-
reer opportunities, Table 5.2 estimates the effect of several variables
on articles’ impact (measured via citations). We analyze downstream
articles, defined as contextually similar and published later. This en-
ables us to analyze the importance of a scientists’ choice of a research
domain (in Entrepreneurship science) on their research impact.

Our first hypothesis argues that a cluster’s citations per year af-
fect a downstream article’s citations positively. Model 2 shows a sig-
nificant positive effect of the cluster’s citations per year, which sup-
ports Hypothesis 1. Thus, we find a positive relation between the
popularity of a cluster and the impact of its downstream articles. Ap-
parently popular clusters attract a larger number of scientists. This
increases the pool of potential citation sources influencing the ex-
pected impact of an article for downstream papers.

This mechanism is likely to incentivize scientists to join already
large research streams. The downturn of this mechanism thus lies
in a choice of a research field not due to necessity from the perspec-
tive of an optimal research framework but rather driven by trends.
This might even inflate certain research streams leading to research
bubbles.

In Hypothesis 2 we predict that downstream research appended
to clusters’ characterized by high variety of subject labels reduces
downstream paper impact. We find highly significant support for
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this hypothesis in the negative parameter of the variety of underly-
ing cluster in model 3. Thus a relatively high variety is rather coun-
terproductive for a scientist’s impact. It seems that clusters where the
potential for recombination has already been exploited to a greater
extend offer fewer opportunities for high impact downstream re-
search.

 Model 1 Model 2 Model 3 Model 4 
Constant -1.5373*** -1.637*** -1.5554*** -1.5279*** 

(0.05) (0.0549) (0.0615) (0.0636) 
Main Effects     A: Variety of underlying 

Cluster 
-0.2136*** -0.368*** 
(0.0784) (0.1163) 

B: Citations per underlying 
cluster (per year) 

0.0005*** 0.0005*** 0.0003* 
(0.0001) (0.0001) (0.0002) 

A * B    0.0008* 
    (0.0005) 
Controls     
Age of paper 0.3699*** 0.3755*** 0.3746*** 0.3757*** 
 (0.004) (0.0042) (0.0042) (0.0042) 
Number of Authors 0.1416*** 0.1406*** 0.138*** 0.1379*** 
 (0.0099) (0.0099) (0.0099) (0.0099) 
Number of Pages 0.0049*** 0.0052*** 0.005*** 0.0051*** 
 (0.0017) (0.0017) (0.0017) (0.0017) 
References 0.0126*** 0.0125*** 0.0125*** 0.0125*** 
 (0.0005) (0.0005) (0.0005) (0.0005) 

  
Log Likelihood -24983.553 -24973.7735 -24969.944 -24968.3065 
theta 0.5954 0.5966 0.5974 0.5976 

(0.0106) (0.0106) (0.0107) 0.0107 
Akaike Inf. Crit. 49979 49962 49956 49955 
Note: N = 9846. Standard errors are in parentheses; *p<0.1; **p<0.05; ***p<0.01  

TABLE 5.2: Regression Results: Article Impact

In comparison to the inflationary effect of cluster popularity (Hy-
pothesis 1), the negative effect of cluster diversity seems to present
a self correction mechanism from the perspective of an optimal re-
search framework. The attractiveness of popular clusters diminishes
if there are fewer opportunities for knowledge recombination.

This raises the question if the self correcting effect of cluster diver-
sity outweighs the effect of cluster popularity. Model 4 includes both
effects as well the interaction effect. The interaction effect is positive
and significant. It is depicted in Figure 5.4 and shows that the in-
flationary effect of popularity is only partially corrected by diversity.
The correction is more pronounced for clusters with lower citations
per year (lower popularity) but rather small for the popular clusters.
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The latter are more likely to attract scientists using the popularity
heuristic to maximize utility/impact of their publications.

 
FIGURE 5.4: Interaction Effect of Variety and Citations

per Year

Almost all of our four control variables are strongly significant as
well. Articles’ age unsurprisingly has a positive significant effect, the
number of authors also has a significant positive effect on a paper’s
citations. This might be due to networking effects or a higher quality
due to more knowledge (authors) engaged in the process. The num-
ber of pages and article’s references positively affect its citations as
well.
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5.5 Conclusion

Our study contributes to Entrepreneurship research in several ways.
We extend a proven method for structuring publication data / re-
search fields with innovations from the machine learning domain.
This resulted in a comprehensive dataset enabling us to match down-
stream literature to sub-research fields of entrepreneurship science.

This type of analysis may, if expanded upon by future research,
improve the production of new knowledge by enabling researchers
to aggregate information on topics in the field of Entrepreneurship
research effortlessly. Structuring the data may also be used as
starting point for a more detailed analysis on how various research
streams from other disciplines affect Entrepreneurship research and
uncover gaps where potentially useful combinations with other
disciplines have yet to be explored. Gaining an understanding of
the dynamics of research impact further helps researchers with
directing effort to areas that may remain under-explored due to
trends and the general development of the field.

Clustering coherent fields of research, we have presented an ex-
tensive quantitative differentiation that indicates which subjects play
a major role in entrepreneurship science. By conducting a docu-
ment co-citation analysis, we have identified 35 sub-research areas.
Based on their citation counts, we worked out the most influential
clusters. The top four clusters are (1) International entrepreneur-
ship, (2) University-industry relations and entrepreneuship, (3) Ven-
ture capital policies and financing, and (4) Macroeconomic/global
and regional impact of entrepreneurship. These clusters enable re-
searchers new to the field of entrepreneurship science to quickly gain
an overview of existing topics and trends. In contrast to prior bib-
liometric literature analyses for this field we use a more extensive
dataset and apply state of the art methods.

Implementing machine learning approaches, we matched down-
stream literature to their associated sub-research fields / clusters.
This enables us to analyze the effect of the underlying clusters’ char-
acteristics on downstream articles’ impact. First, we show that en-
tering more popular research domains leads to a higher impact of
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own research. This "inflation effect" may attract scientists to clus-
ters irrespective of the cluster’s real unobserved importance to en-
trepreneurship science. Second, we show that a higher diversity of
an underlying cluster counteracts the effect of its popularity. Third,
we find that this "self correction effect" does not completely mitigate
the "inflation effect". Switching from a high to a low diversity cluster
only results in higher impact for low popularity research streams.

Our results highlight the importance of clearly defined research
frameworks as policy instruments. To correct for the "inflation ef-
fect", additional incentives are required to attract researchers to less
popular research streams.

There are several limitations to this study. First, the dataset is
taken from Web of Science. Although it is the largest academic
database available, of course some articles are published in journals
not listed on Web of Science. Interpretations of the results should
incorporate a warning on the limitations of the data source.

Additionally, potential effects might include citation networks
among researcher groups, or citations made to please the potential
reviewer or editor of the target journal. Citations are equally
weighted even though their importance may vary. Even though
these limitations could falsify our results, the extent of the deployed
dataset should mitigate these effects.

As future work, we propose to add an exploitation dimension to
the discussion of the research framework. Furthermore, similar to
the above analysis, other research domains, e.g. Marketing or Fi-
nance, might be analyzed by our approach to enable a comparison of
our findings to more mature research domains.



71

Chapter 6

Motivational aspects of
academic patenting

This chapter presents a study1 on the motivational aspects of
academic patenting. Using data collected from patent databases as
well as survey data used in prior publications we aim to elaborate
on research findings regarding the role of incentives in the filing
of academic patents and how they interact with scientist’s beliefs.
Based on a theoretical framework that explains motivation we take
into account personal characteristics and add insights from prior
research regarding the effects of the institutional context, i.e. the role
of colleagues and the faculty. Prior research has been concerned
with crowding-effects resulting from incentives, hence we try to
identify such effects as well.

After an introduction to the topic, relevant literature is discussed
and a research framework derived. The discussion of experimental
methods, data and the respective analysis follow. Finally, this chap-
ter concludes with a discussion of results.

6.1 Introduction

The topic of academic entrepreneurship has received increasing at-
tention in recent years. Scientists, formerly confined by normative
restrictions associated with their work, have been identified as po-
tentially valuable source of knowledge for recombination and ap-
plication in applied contexts (Etzkowitz, 2004). Science policy mak-
ers, university administrators and scholars alike have struggled with

1The study is the result of joint work with Christoph Ihl (Hamburg University
of Technology.)
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the question whether to induce scientists to seek intellectual prop-
erty protection (especially patents) for their research results prior to
a publication effort or not. The controversy surrounding this issue
stems from the fact that university science no longer follows the dis-
interestedness postulate (Merton, 1973), which originally imposed a
certain detachment of the scientific discovery process from commer-
cial matters in general and of personal economic gain from inven-
tions made at universities in particular.

This departure from Mertonian norms is largely driven by a new
’ambidextrous’ generation of university scientists who pursue aca-
demic excellence and explore potential applications of their research
results in parallel (Sauermann and Roach, 2012). Empirical research
on the phenomenon confirmed that only a fraction of the university
scientist population chooses to participate in such technology trans-
fer activities (see, for example, Baldini, 2009). However, it could also
be demonstrated that the decision-making process can be influenced
by specific sets of incentives affecting the underlying motivational
drivers of the patenting decision at the level of the individual scien-
tist (Walter et al., 2013). It was during this investigation that a base
level motivation to participate in university patenting was detected,
whose presence appeared to be robust and independent of any of the
hypothetical incentive bundles offered. This finding ties in well with
earlier results of Sauermann and Roach (2010; 2012), who reinforced
the notions of a “taste for science” as well as a “taste for commercial-
ization” as strong intrinsic, personal-level motives to explain self-
selection behavior with regard to university science career options
and the participation in technology transfer and entrepreneurship
activities.

The detection of this strong intrinsic motivation sparked the in-
teresting question if motivation crowding, i.e. the systematic dis-
placement of an existent intrinsic motivation by extrinsic incentives
(Frey and Jegen, 2001), could occur in the research setting at hand.
The presence of this effect would imply that university administra-
tors need to reconsider the use of incentives even if their general
effectiveness has been substantiated in advance. Another relevant
stream of research has emerged in the form of self-determination the-
ory (SDT) as championed by Deci and Ryan (2000). Viewed from an
SDT perspective, university patenting could be interpreted as an act
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of personal choice in accordance with personal interests, beliefs and
values (rather than an obligation imposed by an employer). Notions
of self-actualization or self-realization found by Wilhelm (2010) in
qualitative field studies point in the same direction.

Due to the importance of entrepreneurial activity to economic
growth (King and Levine, 1993) and the potential for commercializa-
tion of academic knowledge, prior research has investigated whether
there is a trade-off between traditional academic knowledge produc-
tion and the less traditional efforts to commercializing that knowl-
edge (Crespi et al., 2011; Glenna et al., 2011).

More recent research investigates how commercialization efforts
can be regulated and in particular which tools are most suitable for
encouraging commercialization of knowledge produced by univer-
sity scientists (Conti and Gaule, 2011; Baldini, Grimaldi, and Sobrero,
2007; Baldini, 2010). This particular stream of research deals primar-
ily with incentives, a set of policy tools aimed at encouraging or eas-
ing commercialization of academic knowledge. A reoccurring ba-
sic assumption in economic research is that an increase in expected
profit results in increased productivity. Hence the obvious policy
tool is to incentivize commercialization with monetary rewards such
as fixed payouts or royalty shares. However, using monetary re-
wards as incentive can prove counter-productive in the long term:
a crowding-out effect has been observed where such rewards lead
to lower levels of productivity, especially in contexts where a mone-
tary reward was introduced and later rescinded (Deci, 1971). These
counter-intuitive results suggest that regulating a commercialization
process with incentives requires understanding scientists’ motiva-
tion and the interaction of incentives and motivation. Hence we try
to define an attitude in scientists towards invention disclosure and
study its composition, relation to disclosure intentions as well as in-
teractions with incentives drawing upon SDT as theoretical frame-
work.

6.2 Theory and hypotheses

The following sections describe prior literature with regard to what
motivates scientists to patent, the role of incentives in academic
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patenting and the role of the individual and institutional contexts of
scientists.

6.2.1 The role of self determined motivation for aca-

demic patenting

What motivates scientists? Scientific work has a specific appeal on
scientists, a “taste for science”, characterized by the three aspects
autonomy (the academic freedom to choose to work on interesting
problems), reputation (recognition of a scientist’s discoveries by
peers through citations) and, to a smaller degree, money (Merton,
1973; Stephan and Levin, 1992).

The latter has been found to be less important than the first two
motivators; in fact, there is some evidence that scientists incur mon-
etary opportunity costs when they decide to pursue academic work
(Stern, 2004). Merton (1973) suggests that scientific work may en-
tail a disregard for personal monetary rewards as conflicting with
scientific norms. The taste for science is subject to ongoing analysis
(Agarwal and Ohyama, 2013; Lacetera and Zirulia, 2008; Roach and
Sauermann, 2010; Sauermann and Stephan, 2010).

Recent work extends this research by investigating scientists’ mo-
tivation to commercialize their work (D’este and Perkmann, 2011)
contrasting Merton’s taste for science with a taste for commercializa-
tion (Sauermann and Roach, 2012).

In that context Lam (2011) applied findings from SDT (Deci and
Ryan, 2000), which proves to be a framework capable of explaining
motivational aspects of scientists with regard to their norms and be-
liefs. We extend prior research by investigating whether there exists
in scientists an attitude specific to invention disclosure and apply
SDT to explain the interactions of this attitude, actual disclosure rates
and various incentives.

SDT posits that humans are growth-oriented beings with a natu-
ral inclination to a sense of self and to integration into social groups
(Deci and Ryan, 2000). This behavior entails engaging in activities
that are interesting or important to an individual so long as a set
of preconditions, termed "needs", is met. The three needs defined by
SDT are autonomy, competence and relatedness. Autonomy refers to
a desire for volition, a need to experience activities congruent with a
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sense of self. Competence is a propensity to have an effect on one’s
environment and obtain valued outcomes from one’s actions. Re-
latedness is the desire to feel connected to others. Satisfying these
needs leads to many positive effects such as better performance at
a given task or enhanced well-being. Exposing individuals to con-
texts opposed to these needs such as a controlling, over-challenging
or rejecting environments leads to sub-optimal results and in some
cases to persistent or self-reinforcing negative behavior. Building on
the basic concept of needs, SDT distinguishes between types of mo-
tivations and associated regulatory processes: amotivation, intrinsic
and extrinsic motivation (the latter of which is divided into several
sub-categories).

Amotivation is defined as a lack of motivation and associated
with a lack of regulation as well as a lack of the satisfaction of the
three needs mentioned above. Intrinsic motivation describes moti-
vation linked to activities that are interesting to an individual and
provide an optimal challenge so that the individual will freely en-
gage in the activity (i.e. the type of regulation is also intrinsic). Au-
tonomy and competence are preconditions to intrinsic motivations,
while the need for relatedness is not necessary but provides a posi-
tive effect. Extrinsic motivation causes individuals to pursue activ-
ities even though the activity does not intrinsically appeal to them.
The three needs also affect extrinsic motivation: whereas competence
is a requirement, the need for autonomy can be partially or com-
pletely absent.

The degree of autonomy associated with external motivation al-
lows the identification of several sub-types of external motivation.
SDT assumes that individuals have a tendency to adopt external reg-
ulations through a process called internalization, which is contingent
on autonomy (Deci and Ryan, 2000). This process transforms social
norms or requests into values and self-regulations, thereby allowing
individuals to feel self-determined when enacting external regula-
tions. SDT distinguishes four types of external motivation that differ
in their degree of internalization in accordance with the degree of
control or autonomy associated with the type of regulation: exter-
nal regulation, introjection, identification and integration (Deci and
Ryan, 2000).
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External regulation is associated with a high degree of control, be-
havior is encouraged by tangible rewards or the avoidance of sanc-
tions. It generally leads to poor results and a low chance that the
controlled behavior will continue once the regulation has been re-
moved.

Introjected regulations are only partially internalized. In contrast
to external regulation, they are a form of self-control, but they are not
congruent with the individual’s values.

Identification is defined as process with higher degree of internal-
ization; the value of an idea is accepted but the regulation remains
instrumental. As example, exercising for health benefits in contrast
to engaging in sports out of interest or enjoyment indicates identifi-
cation (Deci and Ryan, 2000).

The highest degree of internalization is provided by integration,
whereby individuals fully identify with the value of an idea. This
type leads to results (i.e. performance, personal well-being) com-
parable to those achieved when engaging in intrinsically motivated
behavior.

Furthermore, SDT finds a correlation between goals, motivational
processes and needs: some life goals are found to be closer to the
three needs (e.g. self-fulfillment), whereas others are more distant
(pursuit of wealth). Goals closer to the three needs are associated
with better performance and well-being. The motivational process
used to attain the goal appears to moderate the effect of goal pursuit
on the individual; a goal leading to tangible rewards pursued due to
well internalized motivation leads to better performance than when
the same goal is pursued due to external regulation.

If we apply the findings of SDT to the analysis of scientist’s
attitudes towards commercialization, we expect to find that the
individuals’ attitudes can be divided along the lines of motivational
types described in SDT. Researchers may be intrinsically motivated
to commercialize their research as the challenge of reducing a
theoretical problem to practice may appeal to them: they may be
convinced that the commercialization is a valuable process in itself
or that commercialization has a positive effect on the application
of research deemed to be important. In this case the scientist’s
motivation to commercialize would be completely self-determined.
As the perceived value of research can transcend its commercial
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potential (Lam, 2011), we expect to find differences in the degree
of intrinsic motivation between various branches of research. For
instance, in the life sciences the commercialization of novel drugs,
often associated with a higher potential for commercialization
due to their monetary worth (Glenna et al., 2011), may also be
positively affected by the researcher’s awareness of the fact that
commercialization of a drug will provide health benefits to others
(Lam, 2011). Alternatively, researchers may be extrinsically
motivated with a high degree of internalization, in which case
their motivation would be mostly self-determined. This is likely
to occur when researchers do not identify with the process of
commercialization but perceive that commercialization of their
work may have positive effects on their institution and thereby on
their more intrinsically motivated activities. For example, successful
commercialization of a technology may provide funds to the
institution or prestige to the scientists enabling further research.
Less well integrated external motivation, such as researchers
acknowledging that commercialization is wanted but not agreeing
with the concept or finding the process tedious, would likely lead
to less commercialization activities or at best symbolic but largely
ineffective efforts.

Since the scale of self-determined motivation types defined by
SDT provide a basis for understanding the antecedents of academic
invention disclosure, we formulate that

Hypothesis 1: Researchers with high levels of self-determined
motivation towards academic patenting (a taste for patents) are
more likely to disclose their inventions to university.

6.2.2 The role of incentives for academic patenting

Which tools are appropriate to incentivize commercialization
of academic knowledge is subject to ongoing debate (Conti and
Gaule, 2011; Baldini, 2009; Göktepe-Hulten and Mahagaonkar,
2010; Macho-Stadler and Pérez-Castrillo, 2010; Rothaermel,
Agung, and Jiang, 2007). Unlike motives, which are stable and
trait-like, incentives are externally provided and vary in their effect
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depending on circumstance (Deci and Ryan, 2000). Incentives can
be devised as “positive incentives” in that they lead to some form
of reward or as a reduction of “negative incentives”, i.e. mitigation
of barriers (Bamard, 1938). A comprehensive set of incentives
relevant to academic patenting has been investigated by Walter et al.
(2013): monetary incentives provide tangible rewards to individual
scientists, groups of scientists or faculty. At the individual level
royalty shares are often mandated by law (Harhoff and Hoisl, 2007;
Baldini, 2010; Will and Kirstein, 2002), whereas one-off payments are
implemented by some universities as additional reward (DiMasi,
2002; Walter et al., 2013).

At the team or faculty level possible incentives are a payout of
some revenue to the workgroup (Lach and Schankerman, 2008) or
royalty shares paid to the faculty (Baldini, 2010; Walter et al., 2013),
which encourage scientists by the prospect of additional funding for
their future work. Non-monetary rewards are often aimed at reduc-
ing barriers such as paperwork or legal limitations inherent to the
patenting process. Examples for such incentives are the introduc-
tion of a grace period, a legal mechanism that loosens the novelty
requirement for patent filings by allowing researchers more time to
file a patent after publishing their work in journals or at conferences
(Azoulay, Ding, and Stuart, 2009; Franzoni and Scellato, 2010; Straus,
2000) or technology transfer offices (Nilsson, Rickne, and Bengtsson,
2010; Saragossi and Potterie, 2003; Owen-Smith and Powell, 2001).
TTOs have been found to affect the quality (Jensen, Thursby, and
Thursby, 2003; Siegel, Waldman, and Link, 2003) and sustainability
(Kenney and Patton, 2011; Markman et al., 2005) of commercializa-
tion activities, although they represent a significant investment (Bal-
dini, 2009; Bercovitz and Feldman, 2008).

Finally, incentives may appeal to the same aspect as the “puz-
zle” and “ribbon” categories identified by Stephan and Levin (1992):
patent counts can be included in academic performance assessments
(Aldridge and Audretsch, 2011; Dietz and Bozeman, 2005). Also,
while largely ceremonial, awards for granted patents confer reputa-
tional advantages to scientists (Baldini, Grimaldi, and Sobrero, 2007)
and provide a feeling of accomplishment (Giuri et al., 2007). Some
research confirms the positive effect of such awards (Haeussler and
Colyvas, 2011; Frey, 2010; Neckermann, Cueni, and Frey, 2009).
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In accordance with prior literature these incentives are likely
to have a positive effect on the intention to disclose knowledge
through patent filings (Walter et al., 2013). There are, however,
counter-intuitive effects associated with some types of incentives, in
particular of monetary rewards. In economics, a rationally acting
agent would generally be expected to perform better when offered
additional monetary rewards. In certain conditions the opposite has
been observed: offering monetary rewards reduced performance, in
particular when compared to the performance level observed before
the rewards were implemented (Deci and Ryan, 2000). SDT explains
this effect with a shift in the perceived locus of causality from
internal to external (Deci and Ryan, 2000); the monetary incentive is
perceived as controlling and reduces the perceived autonomy of the
subject. Denial of the need of autonomy rules out the more effective
self-determined types of motivation and leads to sub-optimal
results. This effect is alternatively known as crowding-out of
intrinsic motivation in motivation crowding theory (Frey and Jegen,
2001) or as overjustification effect (Carlson, Heth, and Miller, 2007).

Frey and Jegen (2001) suggest that a lowering of self-esteem, aside
from the loss in autonomy, is responsible for the shift in motivation:
in SDT terms the need for competence is undermined by the incen-
tives. Additionally, the denial of autonomy may also inhibit the need
for relatedness; if a scientist’s intrinsic motivation is connected to
the exhibition of this intrinsic behavior to others, incentives may un-
dermine this connection (Frey, 2012). The negative effect is partic-
ularly relevant to tangible incentives such as royalty shares or pay-
ments to individuals (Deci and Ryan, 2000). Whether this effect can
be observed hinges on two aspects: the individual attitude towards
patenting, which has an effect on internalization, as described above,
and the combination effect of others incentives. The total effect of a
set of incentives may differ from the sum of individual incentives
(Holmstrom and Milgrom, 1994).

Other forms of incentives may be more in line with scientists’
values and beliefs and therefore unlikely to be affected by the
negative effects mentioned above: non-tangible incentives such as
reputational awards or a reduction in barriers that make patenting
uninteresting do not conflict with Mertonian norms a scientist may
be used to. This includes the barrier-mitigating grace period and
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TTOs; by reducing the hassle associated with patent filing, the
activity may appear more interesting and therefore correspond
better to self-determined motivation. Awards for granted patents
are less likely to be considered controlling. Instead, they confer
reputational advantages to scientists (Baldini, Grimaldi, and
Sobrero, 2007) and provide a feeling of accomplishment (Giuri et al.,
2007) that is likely to satisfy SDT’s need for competence.

An intermediate type of incentive is not explicitly of monetary
nature but still leads to tangible results. Accordingly they may in-
trude into self-determined motivation more than intangible rewards
but less than purely pecuniary measures. Examples of this type of
incentive are the inclusion of patent counts in academic performance
assessments or royalty shares paid to the faculty or work group.
These incentives conform to the instrumental nature of the more au-
tonomous type of extrinsic motivation “identification” defined by
SDT.

To correctly assess the impact of incentives, we need to know the
scientist’s attitude towards disclosure in order to determine the de-
gree of internalization of the motivation (Deci and Ryan, 2000). If sci-
entists regard invention disclosure as important to society, the incen-
tive is likely to coincide with a high degree of autonomy and there-
fore a higher degree of internalization (leading to identification with
commercialization or even integration of the concept). This may mit-
igate the negative effect of incentives that would ordinarily be per-
ceived as controlling. If the taste for patents is less pronounced, the
incentive may be perceived as more controlling and consequently be
less well internalized (leading to the categories external or introjected
motivation), likely to cause relatively poor results.

So, in accordance with the findings of SDT, it is possible that
scientists with highly self-determined motivation to patent may
consider incentives, especially the offering of tangible rewards,
as intruding. The incentive causes a shift in the perceived
locus of causality, thereby leading to less positive or perhaps
even negative effects. However, the degree to which this effect
changes the scientist’s motivation depends on the scientist’s
attitude, so that scientist with well internalized motivation, i.e.
a high taste for patents, is likely to approve even of tangible
incentives. This may take the form of a substitution effect, whereby
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a more efficient self-determined motivation is replaced by a
motivation characterized by low internalization. Thus we formulate
Hypotheses 2a and 2b as competing hypotheses:

Hypothesis 2: The relationship between researchers’
self-determined motivation towards academic patenting and their
probability of invention disclosure is: a) stronger under high
incentive conditions, b) weaker under high incentive conditions.

6.2.3 The impact of individual and institutional con-

text on academic patenting

In the previous chapter we stated that the degree of internalization
of external motives changes the effect of incentives and that internal-
ization is closely connected to the attitude of scientists towards com-
mercialization, i.e. their taste for patents. To understand the effect of
incentives, it is therefore necessary to look into the antecedents of this
taste. By identifying factors that positively or negatively affect taste,
it should be possible to predict conditions under which incentives
are more likely to be effective, i.e. conditions where incentives have
less of an undermining effect on self-determined motivation. Factors
affecting a taste for patents can be divided into variables related ei-
ther to an individual’s background or to the institutional context of
the respective scientist. The following paragraphs illustrate findings
of prior research regarding these variables.

Individual factors with an influence on the taste for patents are
the number of scientists’ publications, the number of patent appli-
cations, the degree of industrial involvement, gender, nationality,
whether a scientist is tenured and the time since tenure. The behav-
ior of individual scientists is indicative of the focus of their work.
The number of publications shows to what degree a scientist en-
gages in basic research. Hence it could be argued that a scientist
with many publications has less interest or time for applied research,
which patents are usually regarded as indicator of. However, both
publications and patent filings may be the result of a scientist discov-
ering a promising research venue (Azoulay, Ding, and Stuart, 2007),
in which case patenting and publishing would be complementary.
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The number and type of publications also indicate a scientists’ pro-
ductivity, at least as far as their endeavors in basic research are con-
cerned. If an academic patent fulfills the same function with respect
to a scientist’s productivity as regards applied research, it is to be
expected that highly productive scientists will have high counts of
both publications and patents. Zucker, Darby and Brewer (1998), for
example, find that “star scientists” are important to the emergence of
commercial projects. While publications may antecede a patent ap-
plication, they may also have an effect on the scientist’s publishing
behavior following the patent filing (Breschi, Lissoni, and Montob-
bio, 2005).

To sum up, publications may be relevant to academic patenting
in three ways: a stock of publications may influence the probability
of a patent being filed. Secondly, the filing of a patent may influence
the number of following publications. Thirdly, both publications and
patent applications may be the result of an unobserved event such as
the discovery of a new research opportunity. A portfolio of prior
patent applications indicates that the scientist is familiar with the
application process. This may be beneficial for the intention to dis-
close more inventions at a university as learning effects are likely to
reduce the costs of the process. However, this learning effect may
also make cooperation with a university in disclosing unnecessary,
thereby increasing the likelihood that the scientist will attempt to file
for a patent either alone or in cooperation with industry. The latter
point has been described as less likely because licensees are wary of
potential conflicts between employer and employee (Bercovitz and
Feldman, 2008).

The degree to which a scientist is involved with industry may
provide opportunities for applied research and access to industrial
resources (Calderini, Franzoni, and Vezzulli, 2007), although a high
degree of industrial involvement may also be associated with legal
restrictions that make it more difficult for scientists’ to patent their
work. Prior research by Ding et al. (2006) indicates that the gender
gap found in publication numbers of scientists also applies to aca-
demic patenting, which may be explained by lack of industry con-
tacts. This could increase the costs associated with invention disclo-
sures as well as concern about the impact of the costs of patenting
on a scientific career. Gender may also affect the degree to which
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institutional variables or incentives (described below) determine the
taste for patents (Ding, Murray, and Stuart, 2006).

The scientist’s nationality may also indicate differences with an
effect on patenting behavior: migrating scientists are likely to be very
productive, which in turn influences their taste for patents (Zucker
and Darby, 2006). Tenure and time since tenure are representative
of the scientist’s experience. It has been found (Azoulay, Ding, and
Stuart, 2007) that younger and older scientists patent less than com-
pared to their mid-career peers, most likely due to changing attitudes
towards academic patenting in recent years. Bercovitz and Feldman
(2008) find that younger scientists are less affected by imprinting ef-
fects from an environment where academic patenting was not com-
mon and therefore patent more than their elder peers.

The institutional context, i.e. the behavior of other scientists
working in the same team, institute or faculty, has been found to
affect the behavior of the individual scientist. Higher faculty quality
(e.g. higher scientific productivity) has been linked to increased
patenting activity (Perkmann, King, and Pavelin, 2011; Van Looy
et al., 2011).

Generally scientists are assumed to adapt their own behavior to
that of the team, although the reason for this compliance can differ.
Scientists may recognize the norms and regulations of their work-
place but only comply with them symbolically, i.e. as much as nec-
essary but as little as possible (Bercovitz and Feldman, 2008).

This may be due to a lack of identification with the required be-
havior and would correspond to an extrinsic motivation in SDT that
has not been well internalized. Alternatively, a scientist may identify
with the idea behind regulations encountered at work and comply
with the regulation, being motivated by a well internalized external
motivation. Stuart and Ding (2006) find that the behavior of peers is
instrumental in this regard, it may not only change the individual’s
beliefs but also provide useful information that facilitates patenting.
Finally, a scientist with an intrinsic interest in the activity may self-
select into an environment supportive of this activity (Lam, 2011).

The impact of an institutional context presents itself as a possi-
ble solution to the problem of tangible incentives undermining in-
trinsic motivation: if peers with high intrinsic motivation towards
commercialization change the attitudes of their colleagues, a viable
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policy tool may be a hiring strategy that focuses on scientists with
a propensity to patent. Adoption of institutional norms can be dis-
tinguished from mere symbolic compliance by comparing the effect
of the context on the individual’s attitude and his patenting activity:
symbolic compliance is unlikely to change the individual’s attitude
and lead only to a small increase in patenting, whereas internaliza-
tion of the faculty’s norms would affect both attitude and knowledge
disclosure. As measure for scientific output we use the faculty’s pub-
lications over a five year timespan. A higher scientific output is gen-
erally associated with a high focus on basic research (Azoulay, Ding,
and Stuart, 2007), although higher output may also indicate a larger
stock of knowledge and therefore additional opportunities for com-
mercialization (Azoulay, Ding, and Stuart, 2007).

In contrast, a faculty’s patent stock over a five year timespan in-
dicates a focus on applied research as well as available experience in
commercialization activities (Bercovitz and Feldman, 2008). To com-
plement these variables, we use governmental and industry fund-
ing as indicators of faculty basicness vs. appliedness (Bozeman and
Gaughan, 2007).

We can expect a negative effect of an institution’s basic research
orientation on a scientist’s attitude towards commercialization
due to a shift in the scientist’s beliefs away from approval of
commercialization and towards Mertonian norms. However,
a stronger basic research performance is likely to affect the
individual’s research performance, which may then result in
additional patenting opportunities. The opportunity effect and the
attitude-changing effect of basic research orientation with regard
to knowledge disclosure rates may cancel each other out. A focus
on applied research by a faculty can be expected to have a positive
effect on a researcher’s taste for patents as this context affects
workplace norms and reduces barriers through experience sharing.
Likewise, individual behavior that is indicative of interest in or
experience with applied science is likely to positively affect attitudes
towards disclosure.

Hypothesis 3: A more applied (as opposed to a more basic) research
orientation of academic researchers (a) institutional context and
(b) individual background leads to a higher self-determined
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motivation towards academic patenting.

The combination of our hypotheses in one framework is shown in
Figure 6.1: taste, formed by individual and peer effects, affects dis-
closure intention after being moderated by incentives.

 

FIGURE 6.1: Conceptual Framework: Taste for Patents

6.3 Empirical setting

The following sections describe the collection of data in surveys as
well as secondary data sources. This sub-chapter also illustrates the
estimation methods used to test our hypotheses.

6.3.1 Survey measures

Data was collected using an online survey conducted between De-
cember 2010 and March 2011 that has previously proven useful for
research into incentives (Walter et al., 2013). We invited researchers
from several disciplines (natural sciences, engineering, mathematic/
computer science) at faculties from the nine major technical universi-
ties of Germany. 1.408 researchers out of 17.178 invited participants
completed the survey. Of these, 10,4% were full professors, 17,3%
were post-docs or junior professors and the remaining 72,2% were
research associates. Most participants belonged to an engineering
faculty (63%). The focus on MINT subjects may explain the relatively
high proportion of male participants (77,5%). As these proportions
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do not differ significantly to the proportions of the invited popula-
tion, there is no indication of a possible selection bias.

Our focal construct “taste for patents” is conceptualized as self-
determined motivation to engage in academic patenting. Opera-
tionalization of motivation and attitudes (Ajzen, 1988) served as a
starting point. However, we frame motivation as beliefs about ex-
pected consequences rather than value or importance (cf. Sauermann
and Roach, 2012) because of better predictive capabilities of the for-
mer (e.g. Ajzen, 1988; Bagozzi, 1984; Valiquette et al., 1988; Pieters,
1988).

In order to derive items for a multi-items scale that tap into ex-
pected consequences of academic patenting, we draw on 20 inter-
views and eight in-depth case studies with patent-experienced uni-
versity officials and researchers at universities conducted between
January and August 2008. Table 1 gives an overview of the items re-
tained in the final scale. For illustrative purposes, we have grouped
the items according to the relevant motivational dimensions that we
identified in the theoretical derivation of the measure. Obviously,
academic patenting is rather seen as a constraint to autonomy. There-
fore, these items have to be reversed before entering the scale. De-
spite different motivation dimension, the scale shows sufficient in-
ternal reliability (Cronbach α = 0.86) so that we average the items in
further analyses to arrive at our measure of a “taste for patents”. The
scale is shown in Table 6.1.

The second central element from the survey is a scenario-based
conjoint experiment to elicit scientists’ preferences for incentives to
stimulate the submission of invention disclosure filings and to quan-
tify their relative impact (see Walter et al., 2013).

Despite most applications in marketing (Netzer et al., 2008;
Green, Krieger, and Wind, 2001), conjoint analysis has recently been
used in management research as well (Franke et al., 2008; Fischer
and Henkel, 2013; Leptien, 1995; Monsen, Patzelt, and Saxton,
2010). By experimental manipulation and random assignment,
this method allows to create ‘bundles’ of incentives that are not
yet implemented in researchers’ actual university setting and to
disentangle their relative effects as well as to overcome a potential
selection bias of researchers into favorable university contexts.

Preceding the conjoint scenarios expert interviews were used to
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TABLE 6.1: Scale to Measure the Taste for Patents

validate the selection of incentives. The scenarios were tested and
adjusted before invitations to the main study were sent out. A de-
scription of the scenario attributes is shown in Table 6.2.

A blocking factor with three levels was used to reduce the num-
ber of scenarios per participant to twelve. The order of scenarios
within each block was randomized for every participant to avoid or-
der effects. As dependent variable we chose the participants’ agree-
ment to the statement: “This combination of incentives motivates
me to have my research results checked for commercial applications
by means of invention disclosure filings.” The variable was mea-
sured using a Likert scale ranging from “strongly disagree” (0) and
“strongly agree” (6). An example conjoint scenario is shown in Table
6.3.

Five independent variables were derived from the survey in
order to characterize researchers’ individual background. Industrial
involvement is measured using the weighted scale proposed by
Bozeman and Gaughan (2007), which we normalize to be between
0 and 1. Four variables from the survey serve as controls: (1)
tenure measured in terms of years that respondents worked in
research; (2) a dummy variable that indicates whether respondents’
working contract has tenure; (3) a dummy variable equaling one if
the respondent has a foreign (i.e. non-German) nationality; (4) a
dummy variable indicating the participant’s gender (one indicates
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Incentive Levels 
One-off payment to the inventor(s) for 
successful patent applications (granted 
patents) 

None Low High 
0 EUR 750 EUR 1.500 EUR 

Percentage of revenues from invention 
sale or license to be paid to the 
inventor(s) 

Low Medium High 
30% 40% 50% 

Percentage of revenues from invention 
sale or license to be paid to the work 
group  

None Low High 
0% 10% 20% 

Percentage of revenue from invention 
sale or license to be paid to the faculty 

None Low High 
0% 10% 20% 

Inclusion of granted patents in 
academic performance assessments 

None Patents= 
Publications 

Granted patents do not count in performance 
assessments 

Granted patents and publications in peer-
reviewed journals are treated equally 

Award for granted patents 
No award  Annual Award 

No award from the university 
Annual public offer of an award in 
recognition of granted patents depending on 
number and value 

Organizational form of technology 
transfer office  

Model „on-campus“ Model „off-campus“ 

Internal university-owned proactive technology 
transfer office with presence in town/ on campus 

External technology transfer office outside 
the university, active only upon request, 
presence out of town/ not on campus  

Grace Period  
No grace period Grace period of  

12 months 
A publication of research results leads to 

rejection of a subsequent patent application. 
Research results may be patented within 12 

months after publication. 
 

TABLE 6.2: Incentives and respective levels

female gender). In line with previous research (Azoulay, Ding, and
Stuart, 2007; Bercovitz and Feldman, 2008), we expect researchers
to be less interested in patenting when they are more experienced,
tenured, foreign and female.

6.3.2 Secondary data

Each responding researcher was manually assigned to one of the fol-
lowing four academic disciplines, based on their affiliation, to bet-
ter account for different patentability across disciplines (Jaffe, 1989;
Zucker and Darby, 2006): (1) information and communication tech-
nology (ICT), (2) life science, (3) physics and electrical engineering,
(4) other engineering. Given the nine different technical universities
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TABLE 6.3: Example Scenario

and four different academic disciplines, we consider 36 different fac-
ulties. Two faculties did not yield any answers, so that we are left
with 34 faculties with an average of 41,4 respondents per faculty.

On this premise, we complement the survey data with publica-
tion from the Web of Science database and with patent data from the
PATSTAT database, both on individual researcher and faculty level
for the period of 2005-2010 just prior to the survey. We searched for
the individual researchers’ names in these databases along with their
affiliations. The resulting number of publications and patents for in-
dividual researchers is highly skewed, so that we logged the vari-
ables for the analyses. To determine the number of patents and pub-
lications on faculty level, we first searched for all documents with
relevant versions of the university names in the affiliations. To ar-
rive at the faculty level, the resulting publications and patents were
then assigned to the four academic disciplines by the means of con-
cordance tables (Jaffe, 1989; Zucker and Darby, 2006). Additional
information on faculty level was obtained from the TU9 association
as well as the Research Ranking 2009 of the Center for University
Development (CHE) on the following items: (1) number of tenured
academic staff as a proxy for size, (2) funding for basic research from
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the German National Science Foundation, (3) funding for applied re-
search from industry. Table 6.4 shows the descriptive statistics of the
independent variables used in this study.

6.3.3 Estimation

We use an ordered logit random-effects model for testing our first
two hypotheses (Greene, 2003; Agresti, 2010). The dependent vari-
able estimates the unobserved intention to submit an invention dis-
closure filing Y ∗fij of individual i from faculty f in situation j:

Y ∗ij = α0+α1TASTEi+β
′INCj+γ

′(TASTEiINCj)+δ
′CONi+µi+ωf+εfid

(6.1)
where α0 is a constant, TASTEi is the individual-specific taste

for patents with the corresponding coefficient α1, INCj is a vector of
the incentive levels presented to individual i in scenario j with the
corresponding coefficient vector β, TASTEiINCj is the interaction
of incentives and taste with the corresponding coefficient vector γ,
and CONi is a vector of control variables with the coefficient vector
δ. Due to the structure of our data, with repeated observations per
individual that are nested in faculties, we use a faculty-level fixed
effects ωf and an individual-specific random effect µi to control for
unobserved heterogeneity and correlation across observations from
the same faculty and respondents.

To test our third hypothesis, we estimate a random-coefficient lin-
ear regression model of the following form:

TASTEi = α0 + β′INDi + γ′(FACf ) + ωf + εfi (6.2)

where α0 is a constant, INDi is a vector of individual-level determi-
nants of taste with the corresponding coefficient vector β, FACf is a
vector of faculty-level determinants of taste with the corresponding
coefficient vector γ, and ωf is a random effect that captures unob-
served heterogeneity (and correlation) across the repeated observa-
tions from the same faculty. We estimate both models by a simulated
maximum likelihood procedure based on 100 Halton draws for the
random effects in each model (Train, 2009).
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TABLE 6.4: Descriptive Statistics
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6.4 Results

Table 6.5 shows the estimation results for the dependent variable
"invention disclosure", which allow for testing Hypotheses 1 and 2.
Model 1 shows that taste for patents has a strongly significant effect
in support of hypothesis 1. However, Model 2 shows that incentives
alone seem to better explain intended invention disclosure. Model
3 includes both taste and incentives separately, while our proposed
Model 4 also includes the interaction effects between these two. It
shows that there are 5 positive interaction effects compared to one
negative. From these first results one would conclude that there is
a complimentary rather than a substitutive effect between taste for
patents and external incentives.
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Model
Independent variables Parameter (S.E.) Parameter (S.E.) Parameter (S.E.) Parameter (S.E.)
Focal Variable
Taste for Patents 0,644 *** (0,013) 0,745 *** (0,014) 0,109 * (0,063)
Incentives
Share Inventor 0,051 *** (0,001) 0,051 *** (0,001) -0,003 (0,007)
Share Group 0,035 *** (0,002) 0,036 *** (0,002) 0,021 *** (0,008)
Share Faculty 0,015 *** (0,002) 0,015 *** (0,002) 0,008 (0,009)
One-off Payment 0,093 *** (0,018) 0,093 *** (0,002) 0,028 *** (0,008)
Performance Eval. 0,574 *** (0,025) 0,575 *** (0,025) 0,084 (0,110)
Award 0,339 *** (0,031) 0,339 *** (0,031) 0,029 (0,138)
TTO on Campus 0,206 *** (0,027) 0,207 *** (0,027) 0,177 (0,131)
Grace Period 0,648 *** (0,023) 0,649 *** (0,023) 1,131 *** (0,098)
Interactions
Taste * Share Inventor 0,011 *** (0,001)
Taste * Share Group 0,003 ** (0,002)
Taste * Share Faculty 0,002 (0,002)
Taste * One-off Payment 0,014 *** (0,002)
Taste * Performance Eval. 0,102 *** (0,023)
Taste * Award 0,065 ** (0,028)
Taste * TTO on Campus 0,006 (0,026)
Taste * Grace Period -0,101 *** (0,021)
Individual-level Controls
Industrial Involvement 0,907 *** (0,193) 2,814 *** (0,195) 1,081 *** (0,198) 0,811 *** (0,197)
Industrial Involvement^2 -1,206 *** (0,243) -2,951 *** (0,249) -1,421 *** (0,251) -1,103 *** (0,250)
ln(Ind. Patents) 0,022 (0,023) 0,135 *** (0,023) 0,023 (0,023) 0,053 ** (0,023)
ln(Ind. Publications) -0,054 *** (0,019) -0,172 *** (0,019) -0,055 *** (0,019) -0,064 *** (0,019)
Tenure -0,019 *** (0,003) -0,039 *** (0,003) -0,232 *** (0,053) -0,023 *** (0,003)
Tenured -0,213 *** (0,052) -0,416 *** (0,053) -0,022 *** (0,003) -0,207 *** (0,053)
Foreign Nationality 0,119 ** (0,049) 0,496 *** (0,050) 0,137 *** (0,050) 0,122 ** (0,050)
Gender(=Female) -0,275 *** (0,035) -0,358 *** (0,035) -0,302 *** (0,035) -0,347 *** (0,035)
Faculty-level Controls
Discipline Dummies
University Dummies
Constant 0,067 (0,093) -0,747 *** (0,098) -4,115 *** (0,120) -1,033 *** (0,322)
Random Effect (σ) 1,488 *** (0,015) 1,942 *** (0,017) 1,734 *** (0,017) 1,786 *** (0,017)
5 Ordered Thresholds
No of obs. (1.408*12)
Parameters (k)
Log likelihood (6)
Log likelihood (k)
Chi-square *** *** *** ***
McFadden R2 (adj.)
Two-tailed t -tests; * < 0.1, ** p < 0.05, *** p < 0.01

0,095 0,148 0,152 0,153
6.054 9.427 9.698 9.805

(Incl.) (Incl.) (Incl.) (Incl.)

-28.651 -26.965 -26.830 -26.776
-31.678 -31.678 -31.678 -31.678

27 34 35 43
16.896 16.896 16.896 16.896

(Incl.) (Incl.) (Incl.) (Incl.)

I II III IV

(Incl.) (Incl.) (Incl.) (Incl.)

TABLE 6.5: Estimation Results Invention Disclosure

To further visualize the net effect of the interactions obtained
from Model 4, we plot the predicated probability of a very high
intention to file an invention disclosure under low, average and high
incentive conditions. This analysis is depicted in Figure 6.2. It shows
that the effect of taste for patents under low incentives is almost
negligible. A self-determined taste for patents can only unfold its
effects under moderated levels of incentives. The average partial
effect under average incentive conditions is two percentage points
(s.e. = 0.00069). Under high incentive conditions the extremely
complimentary nature between self-determined taste and external
incentives becomes apparent. Instead of a maximum probability of
10%, very high levels of taste give rise to 70% probability under
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high incentive conditions. The average partial effect under high
incentive conditions is 14 percentage points (s.e. = 0.00550). All
in all, we take this as support for hypothesis 1, the direct effect
of self-determined taste for patenting, as well as support for
hypothesis 2a, the crowding-in effect of taste for patents under high
incentive conditions.
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FIGURE 6.2: Effect Of Taste For Patents under Differ-
ent Incentive Conditions

Table 6.6 shows the estimation results in order to test the hypothe-
ses 3 a and b regarding individual and contextual determinants of a
self-determined taste for patents. Model 5 includes the faculty level
determinants first, whereas model 6 enters individual variables only.
Model 7 shows the combination of both. Model 5 shows that the vari-
ables that reflect an applied research orientation of the institutional
context indeed lead to a higher taste for patents among researchers.
Model 6 shows that the variables reflecting an applied research ori-
entation of the individual have a positive effect on taste, while the
variables reflecting basic research orientation have a negative effect
on taste. In the combined model the individual level results hold,
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while the faculty level results weaken. All in all we take this as par-
tial support for Hypothesis 3a and full support for Hypothesis 3b.

Model

Independent variables Parameter (S.E.) Parameter (S.E.) Parameter (S.E.)

Individual-level Variables

Industrial Involvement 2,186 *** (0,484) 2,174 *** (0,467)

Industrial Involvement^2 -1,705 ** (0,701) -1,717 ** (0,674)

ln(Ind. Patents) 0,143 ** (0,058) 0,144 ** (0,067)

ln(Ind. Publications) -0,166 *** (0,051) -0,175 *** (0,056)

Tenure -0,020 *** (0,005) -0,020 *** (0,005)

Tenured -0,300 ** (0,134) -0,296 ** (0,138)

Foreign Nationality 0,354 *** (0,099) 0,362 *** (0,104)

Gender(=Female) 0,038 (0,074) 0,036 (0,074)

Faculty-level Variables

Faculty Patents/100 0,250 ** (0,101) 0,311 *** (0,121)

Faculty Publications/1000 -0,031 (0,029) -0,022 (0,033)

Basic Research Funding (m€) -0,001 (0,012) -0,003 (0,016)

Applied Research Funding (m€) 0,017 * (0,009) 0,017 (0,012)

No. of Tenured Faculty 0,003 (0,003) -0,001 (0,003)

Constant 4,336 *** (0,139) 4,542 *** (0,067) 4,353 *** (0,151)

STD. of Random Effect 0,182 *** (0,035) 0,216 *** (0,034) 0,092 *** (0,031)

STD. of Error Term 1,138 *** (0,014) 1,091 *** (0,019) 1,095 *** (0,020)

No of obs.

Parameters (k)

Log likelihood (3)

Log likelihood (k)

Chi-square *** *** ***

McFadden R
2

Two-tailed t -tests; * < 0.1, ** p < 0.05, *** p < 0.01

1.408 1.408 1.408

V VI VII

8 11 16

-2.196 -2.196 -2.196

0,002 0,028 0,030

-2.191 -2.135 -2.130

10 123 133

TABLE 6.6: Estimation Results Taste For Patents

6.5 Discussion and conclusion

Empirical results confirm Hypothesis 1: an attitude in favor of com-
mercialization translates into higher intention to disclose inventions.
There exists a self-determined motivation in researchers to commer-
cialize their knowledge with consequences to their subsequent be-
havior. This finding supports and extends existing research on moti-
vational aspects of scientists and is a requirement for the subsequent
hypotheses dealing with the interaction of incentives and motives
with regard to disclosure intentions.

The analysis of the role of incentives on the link between atti-
tude towards patenting and intention to patent reveals that the bun-
dle of incentives has a positive effect on disclosure intention under
high incentive conditions. The effect under low incentive conditions
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is weaker, but still significant. As high incentive conditions imply a
bundle of incentives that includes measures sometimes considered to
be more controlling, the lack of a crowding-out effect suggests that
researchers either consider commercialization a valid activity or at
least as instrumental to their own work, i.e. their motivation to dis-
close patents is well internalized. With regard to policy the finding
reveals that incentives scale well and that future research may benefit
from a stronger focus on the relation of the incentive to the commer-
cial value of the disclosure (i.e. fairness) than possible crowding-out
effects of monetary rewards.

Hypotheses with regard to antecedents to the taste for patents
could also be confirmed. As suggested by literature, a stronger
basic research focus tends to negatively affect the attitude towards
commercialization. This is more pronounced for factors relating to
the individual, such as a scientists’ publications, than for contextual
measures, such as publications by faculty, which suggests that
self-determined activities act stronger on attitudes than imprinting
or social learning effects. Hypothesis 3b, which suggests that
individual and contextual factors indicative of approval of applied
research have a positive effect on the taste for patents was also
confirmed. In this case both individual and contextual factors
are significant. The relation of weaker significance for contextual
compared to individual measures found for measures indicating
basicness also applies to measures indicating an applied focus,
confirming the idea that self-determined actions are more important
than social learning. However, the positive and significant effect of
an applied context implies that the context should not be neglected
when designing an incentive system, especially as we cannot
exclude the possibility of a crowding-out effect that applies as
consequence of a later change in the incentive system. In that
case an institutional context that highlights the importance of
commercialization activities and lowers barriers through experience
sharing may mitigate negative effects on motivation. As policy
implication, taking into account the effects of the institutional
context, for example when making hiring decisions, translates into
higher efficiency of incentives.

To conclude, the study presented in this chapter extends
existing research on academic patenting by defining a taste for
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patents in the fashion of previously defined tastes for science or
commercialization. We explain the effect of incentives on the
relation between this taste and the intention to disclose inventions
using SDT and find indications that incentives work well, if the
motivation to commercialize is well internalized as a result of
individual and institutional antecedents to the taste for patents.
Our results suggest that the mix of incentives commonly applied
works as intended. The lack of crowding-out effects suggests that
strengthening these incentives may be beneficial. Additionally, we
find that the efficiency of incentives can be improved by considering
attitudes of aspiring researchers in the hiring process and by
cultivating a culture of commercialization that prevents institutional
barriers from interfering with self-determined motivation to
translate research results into commercial ventures.

Our study is limited by the possibility that an undermining of
motivation through external incentives may take place only when an
imposed set of incentives is revoked at a later point. Furthermore, the
quality of secondary data on publications and patents leaves some-
thing to be desired – incomplete personal data is likely to introduce
some error into the attribution of patents and publications to individ-
uals. Future research may investigate the relation between the value
of innovations and the rewards typically allocated to university sci-
entists. A mismatch in this respect may have stronger motivational
implications than the nature of monetary rewards.
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Chapter 7

Broadcast search and
knowledge distance

Chapter 7 presents the results of a study 1 on crowdsourcing of R&D
problems using innovation intermediaries. Since Chapters 7 and 8
are set in the context of nanotechnology a brief introduction to this
technology is provided here.

"...there is a device on the market, they tell me, by which
you can write the Lord’s Prayer on the head of a pin. But that’s
nothing; that’s the most primitive, halting step in the direction
I intend to discuss" (Feynman, 1960)

For this study the field of nanotechnology is used to reduce the
amount of data which needs to be preprocessed. Nanotechnology
is, as cross-sectional and general purpose technology (GPT), a good
choice as a means to reduce the size of datasets: it covers both ap-
plied and basic research. It also intersects with several other scientific
disciplines, such as material sciences and physics. GPTs are defined
as technologies that, due to offering a wide field of applications, have
a stronger effect on the economy than more specialized technologies
(Bresnahan and Trajtenberg, 1995). According to Bresnahan and Tra-
jtenberg (1995), GPTs are characterized by a potential for spread use
in broad range of sectors as well as high technological dynamism
(i.e. a potential for further improvement). A few existing GPTs are
drivers of economic development and lead to large numbers of in-
novations in terms of applied technologies. Furthermore, GPTs may
lead to advances that in turn have an effect on downstream research
and development efforts, an effect termed "innovational complemen-
tarities" by Bresnahan and Trajtenberg (1995). Hence GPTs provide

1The study is the result of joint work with Christoph Ihl (Hamburg University
of Technology) and Robin Kleer (TU Berlin).
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substantial incentives for investment from both private and public
sectors. A typical example for a GPT is the steam engine with its
wide-spread economic and societal impact in the industrial revolu-
tion (Crafts, 2004). Nanotechnology is defined as any technology that
involves manipulation of matter at the scale of one to 100 nanome-
ters (a range that includes objects the size of molecules up to viruses)
(Hornyak et al., 2008). The scale restriction implies that quantum-
mechanical effects are relevant for nanotechnologies: altering matter,
specifically its shape or size, at the nanoscale can change the mate-
rial’s properties such as its electric conductivity, fluorescence or melt-
ing point (Hornyak et al., 2008). This enables the creation of essen-
tially new materials with applications in fields such as medicine or
material sciences. A popular example for nanomaterials is graphene,
a one-atom thick honey-comb lattice of carbon with interesting prop-
erties: it is 100 times stronger than steel, conducts electricity and heat
efficiently and is nearly transparent. Graphene is also the basic build-
ing block for other nanomaterials such as carbon nanotubes (Gogotsi
and Presser, 2013). Some of the significance of nanotechnology lies
in the potential risks associated with its derivative products. There is
uncertainty with regard to the toxicity of nanomaterials (Donaldson
et al., 2004). For example, carbon nanotubes may exhibit some of the
same similar detrimental effects on health as those associated with
asbestos (Poland et al., 2008).

Open innovation is exemplified in crowdsourcing platforms that
allow firms to broadcast R&D problems to a wide range of poten-
tial solvers. A few studies so far indicate that especially solvers from
distant fields have higher chances to make the winning contributions
in crowdsourcing contests. It is not fully understood, however, what
generally attracts potential solvers to crowdsourcing in the first place
and how solvers’ knowledge distance towards the broadcasted in-
novation problem in particular affect their initial interest and adop-
tion. To investigate this question, we situate our study in the field
of nanoscience and nanotechnology. By the means of topic model-
ing with over 900.000 scientific papers and 35 real requests for pro-
posals (RfPs), we are able to locate solvers and problems within a
knowledge space and measure the distance between them. In a field
experiment, we invite scientists to inspect randomly assigned RfPs
of high and low distance. In a subsequent discrete choice analysis,
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we measure their willingness to engage in solving the assigned R&D
problem conditional on contractual arrangements. Our findings lend
support to the conjecture that knowledge distance reduces scientists’
attention paid towards broadcasted innovation problems and their
willingness to solve them. Contractual arrangements can only par-
tially mitigate this effect. Solvers that are more closely linked to the
problem are also more responsive to contract attributes. More distant
solvers can best be incentivized by higher award money and by the
right to license the invention also to third parties. Overall, we shed
light on managing an important trade-off in innovation crowdsourc-
ing: while more distant solvers could make valuable contributions,
they are more difficult to contract.

The chapter is organized as follows: in the next sub-chapter
we introduce the topic and continue to describe the theoretical
background on broadcast search and knowledge distance. We then
describe our data gathering process and the employed empirical
methodology. Results are shown and discussed in the following
sections. The chapter concludes with a summary of the findings and
a discussion of their implications for future research.

7.1 Introduction

Many companies open up their innovation process to gain access
to external knowledge from different domains (Laursen and Salter,
2006). Open innovation characterizes an innovation process that op-
erates as an open search and solution process beyond technical and
organizational boundaries (Chesbrough, 2003; Dahlander and Gann,
2010). The rationale behind open innovation is to overcome prob-
lems of local search and industry blindness (Stuart and Podolny,
2007; Rosenkopf and Nerkar, 2001). While locally bounded search
may be advantageous when current problems are similar to old ones,
a limited search space only leads to obvious solutions and rarely to
radical advancements (Rosenkopf and Almeida, 2003).

As a management approach, open innovation offers different
methods and practices which support innovating companies
to identify and integrate relevant external knowledge. Next to
conventional arrangements, such as innovation alliances or contract
research, Internet technology has enabled new forms of distributed
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problem solving, subsumed under the terms "tournament-based
crowdsourcing" (Afuah and Tucci, 2012) or "broadcast search"
(Jeppesen and Lakhani, 2010). These new forms are considered to be
especially well suited to overcome local search biases and to tap into
unobvious knowledge domains.

Prior research on broadcast search platforms has mainly focused
on the characteristics of participants and its effect on the contest’s
outcome (Jeppesen and Lakhani, 2010) as well as on perceptions of
the contests after participation (Franke, Keinz, and Klausberger,
2013).

Within this chapter, we examine the barriers researchers face in
contributing to such an open call. We focus on the importance of
knowledge distance in determining participation in innovation con-
tests. Knowledge distance is closely related to the classical trade-
off that organizations face during the knowledge transfer process: if
knowledge is too far away, it is difficult to transfer; if it is too close,
there is little new information (Gilsing et al., 2008).

We use an empirical study in the field of nanotechnology to ana-
lyze the relation of knowledge distance and participation likelihood.
Using a topic modeling approach, we match researchers in nanotech-
nology with real-world contests broadcasted by innovation interme-
diaries. Participants first report their perception of the contest in a
survey; subsequently they are confronted with variants of contrac-
tual arrangements in a conjoint study to analyze the drivers of their
willingness to participate.

We find that knowledge distance negatively affects participation
likelihood, a relation that can only be partially mitigated by con-
tractual design parameters. This finding is interesting from the per-
spective of innovation intermediaries (or more generally the innova-
tion seekers), as former studies argue that more distant solvers are
likely to submit more innovative solutions (Jeppesen and Lakhani,
2010). Investigating further into the effects of the contractual design
parameters, we find that these more distant solvers response most
positively to an increase in monetary incentives and more retained
patenting rights. Hence, this study contributes to our understanding
of the optimal distance of solvers in broadcast search and drivers of
solvers’ participation.
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7.2 Theoretical background

In this section we describe the theoretical context of our research.
First, we summarize existing research on broadcast search and iden-
tify knowledge distance as the central construct affecting the willing-
ness of scientists to participate in innovation contests. Subsequently
we derive hypotheses regarding the effect of this construct on partic-
ipation likelihood and its interaction with contractual settings.

7.2.1 Innovation crowdsourcing

Innovation crowdsourcing describes a search mechanism where
a seeker’s (typically a company) technical problem is announced
broadly via web-based platforms to a large and diverse group
of potential external solvers in form of an open request for
proposals (RfP) (Jeppesen and Lakhani, 2010). The idea is to spread
the problem as widely as possible to attract solvers even from
unobvious knowledge domains and fields of expertise. Potential
solvers screen the problem description and self-select whether to
invest in solving the problem and to submit a solution proposal.
The seeker then selects among all submissions the solutions that
meet pre-defined performance criteria best and either awards a
pre-defined prize money or negotiates terms of collaboration with
the identified solution providers (Spradlin, 2012).

Very often, this process is facilitated by specialized intermedi-
aries who provide broadcast search as a service to connect solution
seeking clients with external solvers (Lakhani et al., 2007). Estab-
lished intermediaries in this domain include NineSigma, InnoCen-
tive, YourEncore, Atizio, or Yet2.com. Their success is greatly de-
pendent on the ability to match seekers with solvers. Hence, most
intermediaries maintain a web-based community of pre-registered
solvers. In addition, intermediaries support clients in terms of draft-
ing good problem statements, maintaining client anonymity, pre-
selecting appropriate solutions, and monitoring fair play to prevent
exploitation of solution proposals without the acquiring the under-
lying intellectual property (Diener and Piller, 2010).

Research on innovation crowdsourcing to assist technical prob-
lem solving is still scarce. It has mostly focused on the efficient de-
sign of contests and the effectiveness of the mechanism. Terwiesch
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and Xu (2008) propose a theoretical model that shows that an in-
crease in the solver base results in a trade-off between the overall
solution diversity and quality as well as solvers’ problem-solving
effort. This trade-off can be shifted in favor of the former through
performance-contingent rather than fixed-price rewards. Boudreau
et al. (2011) empirically study the effects of an increased solver base
for innovation contests on the TopCoder platform. They find that
benefits of a larger solver base, i.e. higher solution quality, outweight
the costs of fiercer competition and solvers’ reduced effort, especially
for complex problems. This is in line with Franke et al. (2014) who
argue that a promising measure to increase chances of discovering a
successful solution is to invite more candidates. However, with the
number of invited contestants the required effort for solution screen-
ing is likely to increase (Piezunka and Dahlander, 2015) as there will
be a wide range of unfitting proposals. In addition, the number of
scientists and their available time is finite, hence there exists a natu-
ral limit for this way of improving a contest’s outcome.

In order to overcome this problem, pre-selecting candidates
based on the RfP may be a suitable solution. In a conceptual paper,
Afuah and Tucci (2012) derive a number of testable propositions
regarding the effect of the characteristics of problems, type of
knowledge transfer and crowd characteristics on the effectiveness
of the crowdsourcing mechanism. In particular, they argue that a
seeker is more likely to crowdsource a problem if the distance to the
knowledge needed is large. Jeppesen and Lakhani (2010) study the
effect of distance in their study of crowdsourcing at InnoCentive.
They define two types of marginality as predictors of innovation
success: a technical marginality that indicates a difference in
professional background between the solution seeker and the
solver as well as a more social marginality which encompasses
gender-related biases. For our study, it is particularly interesting
that the effect of technical marginality is positive. The likelihood of
submitting a winning solution increases with solvers’ perceived
technological distance between the problem domain and the solvers’
field of expertise, which is attributed to a changed perspective of
researchers. These findings raise the question how solvers with a
high distance to the problem react to an RfP.

We can conclude that the outcome of innovation crowdsourcing is
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driven by the number of participants and their proposal quality. Both
these factors are influenced by the distance of the potential solver to
the problem. Hence, this necessitates a closer analysis of the distance
concept and its quantification.

7.2.2 Knowledge distance

Distance can be understood as knowledge heterogeneity that arrives
from diverse knowledge resources that each individual exhibits. It
has been defined as the distance between different persons in terms
of their mental perception function and ability (Nooteboom et al.,
2007; Wuyts et al., 2005). The way this distance is structured arises
from past behavior and experiences of persons and is therewith un-
equal for each individual. Due to different backgrounds, people in-
terpret, comprehend and judge the world in various ways (Noote-
boom et al., 2007).

Resulting from cognitive inequality, the capability of solving one
specific problem is diverging from one solver to another and ex-
plains why different scientists have diverse distances to diverse top-
ics (Nooteboom et al., 2007; Wuyts et al., 2005).

Alternatively distance can be defined in terms of technological
knowledge among potential partners of a knowledge exchange
(Nooteboom et al., 2007). Then it is a construct of how large
the knowledge bases and fields of expertise deflect among
organizations and individual (Hartig, 2011) and aims at the
interspace between organizations in terms of technological
assets (Benner and Waldfogel, 2007). Technological distance is a
determining factor when transferring knowledge. If the distance
in terms of technological knowledge between the communicating
instances becomes too large, a mutual understanding between those
is precluded and the transfer is likely to fail (Nooteboom et al., 2007)
If the technological distance is too close, the technological familiarity
takes "out the innovative steam" and dramatically decreases the
likelihood of novelty creation, which is the actual purpose of
knowledge transfer (Gilsing et al., 2008). This view stresses the
mutual learning aspect of collaborations. In contrast, Mowery et
al. (1998) argue that firms are often not learning from one another
in collaborations but are rather accessing or acquiring specific
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information. This perspective, which has also been confirmed in
empirical studies by Grant and Baden-Fuller (2004) and Nielsen
and Nielsen (2009), argues that larger distances are useful as the
new knowledge only has to be integrated, which avoids the cost of
learning (Balconi et al., 2013). In the context of broadcast search, this
knowledge assessing view reflects the perspective of the seeker.
Thus, it can be used to explain why seekers aim at getting proposals
from distant solvers. However, the solvers’ incentives and benefits
are neglected in analysis by Balconi et al. (2013).

While prior research on innovation platforms considered the pos-
itive effects of distance in performance, the effect of distance on par-
ticipation likelihood has so far been neglected. Intuitively, a per-
ceived distance to a subject decreases the probability of participation
as scientists are likely to spend most of their attention on their spe-
cialty. Prior research has confirmed this intuition: in research on de-
cision theory under uncertainty it has been shown that unfamiliarity
reduces the likelihood of acting on an opportunity, there exists a bias
towards the status quo (Samuelson and Zeckhauser, 1988). Constant
et al. (1996) find that higher expertise leads to more contributions in
online discussion. This is confirmed by Wasko and Faraj (2000) who
show that individuals tend to respond more frequently in crowd-
sourcing situations when they feel to have sufficient expertise in the
respective field. Haas et al. (2015) find additional evidence that in-
dividuals allocate more attention to a problem that is closer to their
field. The costs and benefits of participation can serve as an expla-
nation for such behavior. In addition to monetary rewards, solving
RFPs is also expected to enhance reputation or to encourage future
reciprocity (Chiu et al., 2011; Constant, Sproull, and Kiesler, 1996;
McLure Wasko and Faraj, 2000).

These benefits are more likely and higher in expectation if the
contest is closer to the participants’ interests, thus expected benefits
are higher. Moreover, similar fields increase the chances that partici-
pants have the necessary absorptive capacity to understand the RFP
(Cohen and Levinthal, 1990). As Kotha et al. (2012) argue, overlap-
ping expertise fosters mutual knowledge and reduces communica-
tion costs. Therefore, it is easier for potential solvers to understand
and make sense of a problem, capture its special characteristics and
dependencies, and finally identify and submit a solution (Thomas,
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Sussman, and Henderson, 2001; Tsai, 2001). Boudreau et al. (2011)
add that greater knowledge distance can be interpreted as being less
well informed, which is regarded in risk and decision theory as an
indicator for greater uncertainty. It is thus likely that potential par-
ticipants discount their chances of succeeding in the crowdsourcing
contest on the basis of “ambiguity aversion” (Fox and Tversky, 1995).
Thus, costs for participation are higher in expectation if knowledge
distance is higher. Piezunka and Dahlander (2015) find that invit-
ing many solvers to contribute overburdens the inviting company
which then resorts to focus on input that is not distant. So even if
distant solvers participate there is a chance that the seeker may be
biased against distant knowledge. Additionally, the probable lack
of prior experience with innovation platforms may introduce ad-
ditional bias. This implies that scientists unfamiliar with innova-
tion platforms and/or a given technical problem from an innova-
tion platform are less likely to participate in a contest than scientists
experienced with platforms and/or the sort of technical problem.
The impact of knowledge (dis-)similarity has also been researched
in the field of alliance formation: companies active in similar tech-
nological contexts are more likely to cooperate (Mowery, Oxley, and
Silverman, 1998; Rothaermel and Boeker, 2008) as common knowl-
edge stocks increase absorptive capacity, enabling firms to assimilate
knowledge at lower cost (Lane and Lubatkin, 1998).

The concept of absorptive capacity as explanatory mechanism
for a negative effect of distance on participation has been studied
by Haas et al. (2015) in the context of company internal forums for
problem solving. Consequently, we formulate our first hypothesis:

Hypothesis 1: The larger the knowledge distance of a scientist
towards an RFP, the less likely is s/he willing to participate.

Next to the knowledge distance, it is likely that contractual details
influence participation behavior (Franke, Keinz, and Klausberger,
2013).

While the expected direct effect of contractual details is obvious
in many cases (e.g., increased participation for higher monetary pay-
ment), the interaction of knowledge distance and contractual details
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is interesting (as these details can be influenced by the seeker / inter-
mediary). In particular, it is interesting to know what measures an
intermediary can employ to attract more distant solvers. The various
business models of innovation intermediaries hint to the fact that dif-
ferent sets of incentives or platform characteristics are used to attract
different kinds of solvers. We can group the effect of contractual de-
tails in two categories: Safeguards and effects on costs and benefits of
the solver. We expect more distant solvers to require additional con-
tractual safeguards as their distance is likely to result in higher un-
certainty. Hence, given ambiguity aversion, distant solvers would be
less likely to contribute given the same set of safeguards. Since dis-
tant solvers are less likely to benefit from potential spillovers, such as
reputational effects or industry connections, when they participate in
broadcast search, additional compensation may be required to entice
their participation.

7.3 Data and methods

7.3.1 Identification of researchers and deriving a dis-

tance measure

The distance between a scientists’ experience and the technical prob-
lem is an important aspect in the design of our study. For the purpose
of our study it would prove useful to be able to measure distance
as a first step to pre-select respondents. In contrast to interpersonal
distance, a more technological distance may be quantified by care-
ful analysis of the texts describing the technical problem, on the one
hand, and the texts written by the potential solver, on the other. A
manual approach to this problem, ideally by experts in the respective
fields, may yield high quality results but seems impractical given the
large amount of data. Instead we use machine learning algorithms
to compare texts.

Our research focusses on RFPs and researchers in the field of nan-
otechnology. While this limits the scope of our study to a certain
extent, nanotechnology is a general purpose technology and there-
fore possible distance values are not too restricted. As a first step
we gathered information on RFPs published by innovation interme-
diaries related to nanotechnology by searching the web. We found
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some 4.700 RFPs from two of the leading broadcast search platforms:
NineSigma and Innocentive. RFPs related to nanotechnology were
identified by a simple search for the keyword “nano*” (i.e. words
containing “nano”). The results were checked using a more com-
plex search based on Arora et al. (2013) to rule out false positives
(such as “nanoliter”, which contains the letters “nano” but does not
necessarily imply that the article is about nanotechnology), resulting
in 110 nanotech RFPs. These were manually checked for suitability.
RFPs that, despite the keyword-based searches, were not clearly re-
lated to nanotechnology were removed (in some instances nanotech-
nology was only mentioned very briefly among possible approaches
to a viable solution). We also removed RFPs that differed signifi-
cantly in text length (i.e. data available to automatic processing),
time required for solution as well as required team size. The result-
ing set of 38 RFPs was processed to remove irrelevant information
(e.g. specifics on the submission process, formatting) as well as in-
formation related to the treatments of the planned conjoint analysis
(e.g. firm identity). We noticed that inactive RFPs (those that have
been withdrawn or where a winner has been awarded) contained
less information compared to active RFPs, with inactive RFPs repre-
senting the majority of RFPs in the downloaded dataset. However,
the information contained in inactive RFPs corresponds well to the
information contained in a publication abstract. While we lose infor-
mation in comparison to an analysis based on full RFP descriptions
and full papers the smaller amount of data significantly eases pre-
processing. Once pre-processed, the RFPs were integrated into an
online survey based on the estimated distance between RFP topic
and scientists’ field of expertise. The data source for estimating this
distance was publications relating to nanotechnology from 2000 to
2011 downloaded from the Web of Science. The bibliographic infor-
mation from the Web of Science articles was searched for author e-
mail addresses. To increase the expected response rate we only kept
e-mails from researchers who published in the years 2010 or 2011.
Starting with this set of e-mails, author names were disambiguated
using a custom Python script: word similarity metrics based on name
components (last name, first name and initials), location information
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and co-author information were taken into account to find all nan-
otechnology publications in the dataset for each of the authors iden-
tified by searching for e-mail addresses. As a result, we obtained
data on approximately 24.000 scientists.

7.3.2 Deriving distance measures

To estimate the proximity of a scientist’s prior work to an RFP, we
used Latent Dirichlet Allocation (LDA), a generative model for text
data also known as topic model (Blei et al., 2003). Topic models are
generative statistical models that return probability distributions of
groups of words that tend to occur together in texts (topics). As a
topic model translates documents into vectors of topics, the model
can be used to compare two texts using similarity measures that cal-
culate the distance between two vectors. For details on LDA see
Chapter 4.

To make sure that our model accounts for the variance in scien-
tific and technical texts we used a large number of scientific paper
abstracts as well as patent abstracts from the field of nanotechnol-
ogy published in the years 2000-2012 (approximately 850.000). After
pre-processing the abstracts using the Python library NLTK (Bird,
Klein, and Loper, 2009) (removing irrelevant information such as
copyright data, stemming the remaining text and removing stop-
words), a number of models were calculated by varying the topic
parameter. We compared two implementations of LDA: Gensim and
Mallet (McCallum, 2002; Rehurek and Sojka, 2010). Model perplexity
and subjective tests of similarity scores obtained with various mod-
els were used to select a model estimated with 250 topics in Mallet.
We proceeded to calculate the similarity of each paper for each au-
thor to the RFPs in our sample. The similarity measure employed
is cosine similarity, i.e. the cosine of the angle between two vectors.
The average of similarity scores for one author’s papers to all RFPs
as well as the highest similarity was used to determine the proximity
of each author’s knowledge stock to the various technical challenges
described in the RFPs. For each author three RFPs were selected,
two that are conceptually close (highest and second-highest similar-
ity score between author’s papers and one RFP) and one that is more
distant to the author’s work (RFP where similarity score is close to



7.3. Data and methods 111

the mean similarity of all author-RFP pairings). For the online survey
either the closest or the medium distance RFP was randomly allo-
cated to candidates. The second-closest RFP was kept as a reserve; in
the event that a respondent decides not to complete the survey after
reading the initial RFP, the scientist is given the option to complete
the study with the second-best RFP instead.

Since prior art conceptualizes knowledge disparity as distance,
we convert the topic model cosine similarity measure to a knowledge
distance measure using the approach described in Goldberg et al.
(2016) of using an exponential link between negative distance and
similarity.

7.3.3 Survey

We invited the scientists identified with Web of Science articles to a
survey in which they were confronted with the RFP, which were se-
lected as described above. In the questionnaire to the RFP we retrieve
some general information on researchers. Table 7.1 shows variables
obtained either from the survey or by analysis of bibliographic data.

Variable Source Description
Experience in Academia (years) Survey Self reported number of years spent in academia
Experience in Industry (years) Survey Self reported number of years spent in industry
Number of Patents Survey Self reported number of (co-) invented patents
Industrial Involvement Survey Self reported number of 10 possible interaction channels used in the past 3 years
Own Broadcast Experience Survey Dummy variable equal to 1 if respondent has participated in broadcast search before
RFP length RFPs Length in words of the RFP description
RFP source RFPs Dummy variable euql to 1 if RFP originated from NineSigma (Innocentive=0)
RFP similarity RFPs Similarity measure between respondent's papers and RFP (see text)
Location (Asia, Europe, US, other) Bibliographic data (WoS) Dummies indicating respondents nationality based on e-mail address top level domain
Number of Citations Bibliographic data (WoS) Count of citations to all papers (co-) authored by the respondent
Knowledge Breadth Bibliographic data (WoS) Number of topics covered by the respondent's publications (see text)

TABLE 7.1: Variable Description

Potential solvers were asked to report their experience (in years)
in academia and industry respectively. Solvers were also asked to
report how many patents they (co-) invented. To measure the degree
of involvement with industry, we used the industrial involvement
index developed by Bozeman and Gaughan (2007) and normalized it
to the range 0-1. Own Broadcast Experience is a dummy variable that
takes the value one if potential solvers already had some experience
with broadcast search platforms in the past.
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Subsequently researchers participated in a conjoint experiment
where the following variables were modified across a set of five sce-
narios (i.e. each respondent was presented with five variations in
levels of the following variables): the seeker type was set to either
small company, large company or governmental organization. The
identity, i.e. the name of the company or organization, is either re-
vealed or withheld. Seeker location could be either Asia, Europe or
the US. Incentives and barriers consisted of one variable for the re-
quired technical maturity, a variable for the timing of IP disclosure
by the solver as well as one variable for retained publication and
patenting rights respectively. Finally, four levels of financial rewards
for submitting a winning solution were defined, ranging from US$
10.000 to US$ 75.000. Details on these variables are shown in Table
7.2. Following each scenario, respondents were asked to choose for
one of two contractual designs differing in the variables described.
A none-option was included.

Attribute Base Level 2nd Level 3rd Level 4th Level

Seeker Type Public / Governmental 
(base) SME Large Corporation

Seeker Location Different Continent Same Continent Same Country

Seeker Identity Undisclosed Disclosed

IP Disclosure Immediately in 1st 
Step of Submission

Only in 2nd Step after 
Negotiation

Required Solution 
Maturity Theoretical Proof Reduction-to-Practice Prototype
Retained Publication 
Rights Complete Ban With Content 

Restrictions With Time Delay Without Restrictions

Retained Patent 
Rights Complete Ban Seeker Patent with 

Solver Inventorship
Solver Patent with 
Exclusive Licensing to 
Seeker

Solver Patent with 
Non-Exclusive 
Licensing to Seeker

Award Money $10,000 $25,000 $50,000 $75,000TABLE 7.2: Conjoint Experiment Variables

In order to account for the possibility of different RFPs containing
varying amounts of information despite pre-processing, we control
for the length of the RFP description in words. We also control for
the RFP source (Ninesigma or Innocentive). The RFP similarity was
obtained using the topic modeling approach described above.

The location of the solver was estimated from the top-level do-
main of author e-mail addresses obtained from bibliographic data.
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Bibliographic data was also used to determine the citation count for
each author. We further defined a variable indicative of the breadth
of a scientist’s knowledge by comparing a scientist’s publication ab-
stracts to all RFPs in our dataset. The average similarity of one sci-
entist’s abstracts to the topics obtained by topic modelling, relative
to the average similarity of all scientists’ publications to these top-
ics, was used to decide whether a scientist is familiar with a given
topic. We then summed the familiar topics for each author to obtain
a breadth measure ranging from 0 to 250. We finally asked respon-
dents to choose between two contracts with the additional option of
not participating in either. Based on this question we form our de-
pendent variable participation. In total, we received 249 responses
to the survey and the conjoint analysis with five contractual experi-
ments per respondent.

7.3.4 Latent class estimation

In order to analyze participants’ responses in the conjoint study, we
use latent class regression, an extension of the logit model. Logit
models are a type of generalized linear model that estimate the utility
of a choice as linear function of parameters that is linked to the cat-
egorical dependent variable through the logit function. The model
can be extended for the case of more than two outcome categories
(in our case respondents can opt for one of two contractual arrange-
ment or a none-option) with a multinomial logit model. If in addi-
tion to choice-variant attributes choice-invariant variables are to be
included, a conditional logit model is employed. The latent class
model is a conditional logit model that allows correcting for unob-
served preference heterogeneity with latent classes: observations are
grouped along similar utility parameter estimates. For a logit model
with k parameters each latent class adds another k parameters, hence
there is a risk of overfitting. We use the Bayesian Information Crite-
ria (BIC) to calculate a trade-off between the number of additional
classes and the gain in log-likelihood. The BIC penalizes the use
of additional parameters more strongly than the Akaike Informa-
tion Criterion (AIC), thereby allowing us to optimize the trade-off
between more complex model specification and model (over)-fit.
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7.3.5 Selection bias

Bias may be introduced at two points in our study: after receiving
an invitation e-mail a potential responder may choose to open the
survey. Subsequently the potential responder chooses whether to
complete the survey. It is possible that these two decisions are func-
tions of the characteristics of the potential respondent. Hence the
remainder of completed surveys used for further analysis may differ
from the invited (random) population systematically. We correct for
this issue using a modified two-step Heckman correction. According
to Heckman (1979), selection effects can be regarded as instances of
truncated data. Including an inverted Mills ratio calculated from an
initial probit regression in a subsequent linear regression corrects the
introduced bias. The Heckman correction has since been extended
for cases of double selection (Mohanty, 2001), i.e. two subsequent
selection effects. In this case the correction involves calculating two
Mills ratios from a bivariate probit regression to correct the bias in
both selection stages. The equation for a latent class regression is
given as:

p(yi,t = j|c) =
eβcxjit∑J
j=1 e

βcxjit
, if COMi = 1, (7.1)

= 0 otherwise

i.e. the probability of outcome y given class c is a function of class
specific parameter vectors β and attribute x for individual i, choice
alternative j and choice situation t. The choice yit is observable only
when an individual has completed the survey and choice experi-
ment, so we let COMi denote whether a participant completed the
survey and PARi whether the individual participated:

PARi = 1, if y1i > 0 (7.2)

= 0 otherwise

(COMi|PARi) = 1, if y2i > 0 (7.3)
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= 0 otherwise

Where y1i and y2i denote the outcome of two probit models used to
estimate whether individuals participate in the survey and whether
they subsequently complete the survey:

y1i = x1iβi + ε1i (7.4)

y2i = x2iβi + ε2i (7.5)

from which we can calculate selectivity variables:

λ1i =
φ(ai)Φ(Ai)

F (ai, bi, ρ)
(7.6)

λ2i =
φ(bi)Φ(Bi)

F (ai, bi, ρ)
(7.7)

with ai = x1iβ1, bi = x2iβ2, Ai = (bi−ρai)√
1−ρ2

, Bi = (ai−ρbi)√
1−ρ2

, φ as univariate

standard normal density, Φ as cumulative standard normal density
and F as bivariate standard normal distribution function. Including
the Mills ratios from 7.6 and 7.7 as control variables in the latent class
regression 7.1 corrects the selection bias.

7.4 Results

Table 7.3 shows the results from the selection model. We account for
the selection process of scientists into our sample and potential se-
lection biases in three stages. During the first stage 24.374 invited
scientists decide whether or not to inspect the assigned RfP. Dur-
ing the second stage 569 scientists who inspected the assigned RfP
decide whether or not to evaluate the contractual details of the as-
signed RfP. During the third stage 229 scientists decide whether or
not to accept certain contracts with respect to the assigned RfP. In the
statistical analysis of this double selection process (Mohanty, 2001),
a scientist’s average distance to all 35 RfPs in our study serves as an
exclusion restriction from stage one to stage two, whereas RfP length
and source serve as exclusion restrictions from stage two to stage
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three. The bivariate probit selection model covering the first and sec-
ond stage shows that the first stage decision to inspect the RfP is
less likely for scientists with higher number of citations after control-
ling for other background variables. Thus, academic achievement
in terms of citations has a negative effect on the interest in innova-
tion crowdsourcing. In the second stage, conditional upon inspect-
ing the RfP, a further interest in judging the contractual details of
the assigned RfP is less likely for scientists with a greater knowledge
distance towards the RfP. This lends initial support to our overall
conjecture that knowledge distance reduces scientists’ attention paid
towards crowdsourced innovation problems. The significant corre-
lation of error terms ρ reveals a significant selection effect such that
unobserved factors positively (negatively) affecting the decision to
inspect the RfP in the first stage negatively (positively) affect the de-
cision to further evaluate the contractual details in the second stage.
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Independent variables Parameter (S.E.)
Second Stage DV: Evaluate Contract Details (y/n)
Constant 1,369 (0,872)
Knowledge Distance to Focal RfP -0,159 ** (0,068)
RfP Source (1=NineSigma) 0,067 (0,182)
RfP Length (words) 0,001 (0,001)
Experience in Academia (years) 0,022 (0,017)
Solver Location - Europe -0,223 (0,179)
Solver Location - USA 0,168 (0,220)
Solver Location - Asia -0,374 (0,285)
Solver Location - Other (base)
First Stage DV: Inspect RfP (y/n)
Constant -1,516 *** (0,249)
Average Distance to all RfPs -0,047 (0,047)
Knowledge Breadth 0,002 (0,002)
Ln(Number of Citations) -0,110 *** (0,021)
Experience in Academia (years) 0,007 (0,007)
Solver Location - Europe 0,168 ** (0,074)
Solver Location - USA -0,224 *** (0,084)
Solver Location - Asia -0,224 *** (0,074)
Solver Location - Other (base)
Disturbance Correlation Rho -0,609 * (0,348)
No of Obs. in First Stage
No of Obs. in Second Stage
Parameters (k)
Log likelihood (2)
Log likelihood (k)
Chi-square ***
McFadden R2 (adj.)
Two-tailed t -tests; * < 0.1, ** p < 0.05, *** p < 0.01

-2.994
179

0,023

Bivariate Probit Selection Model

24.375

17
-3.084

569

TABLE 7.3: Selection Model

Table 7.4 shows descriptive statistics for variables used in model
estimation, across the three stages (invited population, partial com-
pletion of survey, completed survey). Cross correlation does not ap-
pear to be a concern. Noticeable are some outliers as regards the
number of patents, citation count and years of experience in indus-
try and academia.
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TABLE 7.4: Descriptive Statistics

Table 7.5 shows a minimal BIC for a specification with two la-
tent classes, compared to those with one or three classes. Based on
BIC, two latent classes clearly yield the best model fit. To make the
model even more parsimonious, we test for the restriction whether
the control variables that affect the baseline adoption utility do not
vary across the two classes (model 4). We accept this restriction be-
cause it improves model fit in terms of BIC. In model 5, we include
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our focal variable knowledge distance as an active covariate to pre-
dict class membership of scientists. Since the constant utility also
varies with latent classes, this specification allows knowledge dis-
tance to exert both a direct effect on baseline adoption utility and a
moderating effect on contract preferences. This specification yields a
lower BIC, albeit with only little improvement. Based on this speci-
fication, we test a further restriction of a linear effect of prize money
in model 6, which needs to be rejected. Instead, the specification of a
monotonic increasing effect of award money in model 7 gives a more
parsimonious model with better approximation to the data.

Model Specification Npar LL BIC(LL) McFadden R2

(1) 1 latent class 29 -1.107,96 2.373,51 0,111
(2) 2 latent classes 59 -984,43 2.289,44 0,210
(3) 3 latent classes 89 -910,43 2.304,45 0,269
(4) 2 latent classes & restricted covariates of baseline adoption 48 -995,15 2.251,12 0,201
(5) ... & including knowledge distance as a covariate of class membership 49 -992,09 2.250,44 0,204
(6) ... & restricted award money attribute to me metric 45 -1.005,35 2.255,21 0,193
(7) ... & restricted award money attribute to be monotonic increasing 47 -993,86 2.243,10 0,203

TABLE 7.5: Latent Class Model Selection

Table 7.6 shows covariates of the baseline adoption utility. In-
verse Mills Ratios from the bi-variate probit were included to correct
for the double selection effect. As both lambda parameters are signif-
icant, we can reject the null hypothesis that no selection effect occurs.
In particular, this means that the 229 sampled scientists positively se-
lect themselves into the adoption of crowdsourcing contracts in the
third stage compared to a random sample from the 24.374 invited
scientists due to unobserved factors affecting the first stage decision
to inspect the RfP itself. And the 229 sampled scientists negatively
select themselves into the adoption of a crowdsourcing contract in
the third stage compared to a random sample from the 569 scien-
tists who inspected the RfP due to unobserved factors affecting the
second stage decision to evaluate the contractual details of the RfP.
The latter effect could be interpreted that scientists who would ben-
efit from entering into a crowdsourcing contract are deterred from
thinking about contractual details in the first place.

Conditional upon selection into the contract decision stage and
controlling for (unobserved) factors affecting the double selection
into this third stage, the sampled scientists’ number of citations do
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not exert any further (negative) effect on baseline adoption of inno-
vation crowdsourcing. Instead, previous experience with innovation
crowdsourcing as well as knowledge breadth in the problem domain
have a positive impact on the baseline utility of accepting a crowd-
sourcing contract, whereas the number of patents in the problem do-
main as a proxy for scientists’ own commercialization potential has
a negative effect.

Our focal variable knowledge distance is highly significant in pre-
dicting membership of the second class, which comprises over 70%
of our sample. Scientists in this distant class have a significantly
lower baseline adoption utility, thus, again lending support to our
overall conjecture that knowledge distance reduces scientists’ atten-
tion paid towards crowdsourced innovation problems. Furthermore,
they have on average a lower responsiveness to all contracting at-
tributes except for award money. The second important difference is
that they benefit much more from being granted the right to apply
for an own patent with a non-exclusive licensing.

Independent variables Parameter (S.E.)
Own Crowdsourcing Experience 0,594 * (0,313)
Industrial Involvement -0,075 (0,053)
Ln(Number of Patents) -0,257 ** (0,114)
Ln(Number of Citations) -0,619 (0,377)
Knowledge Breadth 0,030 * (0,017)
Experience in Academia (years) 0,038 (0,054)
Solver Location - Europe 0,964 (1,090)
Solver Location - USA -3,151 *** (0,737)
Solver Location - Other -1,057 (0,692)
Solver Location - Asia (base) 0,000
Inverse Mills Ratio (Lambda) 2nd Stage -7,424 *** (2,865)
Inverse Mills Ratio (Lambda) 1st Stage 8,319 ** (3,768)

Independent variables Parameter (S.E.)
Constant -0,203 (0,397)
Knowledge Distance to Focal RfP 0,673 *** (0,240)
Two-tailed t -tests; * < 0.1, ** p < 0.05, *** p < 0.01

Covariates of
Class 2 Membership

Covariates of 
Baseline Adoption Utility

TABLE 7.6: Latent Class Model Part One

Table 7.7 shows averaged parameters for the choice-variant
attributes. Except for the seeker type all attribute parameters
are significantly different from zero. A Wald test for equality
reveals that there are significant differences between one parameter
across the two classes for seeker identity, IP disclosure, retained
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patenting rights and award money. Table 7.7 also shows the relative
importance of attributes for the two classes with the distant class
attributing more importance to financial incentives as well as
publication and patenting rights.

RfP - Contract Attributes Wald(0) df Wald(=) df Abs. Import. Rel. Import. Abs. Import. Rel. Import.
Baseline Adoption Utility 188,5 2 *** 188,5 1 ***
Seeker Type 3,4 4 2,7 2 0,61 8% 0,05 1%
Seeker Location 11,5 4 ** 7,7 2 ** 0,94 12% 0,10 3%
Seeker Identity 6,3 2 ** 0,5 1 0,42 5% 0,21 5%
IP Disclosure 11,9 2 *** 11,9 1 *** 0,99 13% 0,15 4%
Required Solution Maturity 29,0 4 *** 1,0 2 0,89 11% 0,53 13%
Retained Publication Rights 39,8 6 *** 2,4 3 1,34 17% 0,82 20%
Retained Patent Rights 36,7 6 *** 14,1 3 *** 1,44 18% 0,82 20%
Award Money 100,1 4 *** 36,8 3 *** 1,18 15% 1,43 35%
Two-tailed t -tests; * < 0.1, ** p < 0.05, *** p < 0.01

Class 1: "close" Class 2: "distant"Class     Differences
Contract PreferencesAttribute 

Significance

TABLE 7.7: Latent Class Model Part Two

Table 7.8 shows detailed parameter estimates and standard devi-
ations for choice attributes for both latent classes. As the parameters
of the non-linear logit models cannot be easily interpreted, we also
included a "willingness to pay" measure to indicate the relative im-
portance of an attribute value relative to the financial incentive. For
class one the contractual incentives / barriers are significant and af-
fect participation in the expected way. While higher required tech-
nical maturity reduces participation likelihood, an increase in the re-
tained publication or patenting rights or in monetary incentives in-
creases participation likelihood. The WTP indicates the non-linear
relation between levels of the categorical variables: retaining pub-
lication rights without any restriction seems to be of much higher
utility than either time or content restrictions. Compared to class
one the more distant class seems to be more difficult to motivate for
participation with contractual settings. Several incentive levels that
motivate class one solvers are not significant for class two solvers.
If they are significant, the WTP is lower. Interestingly, more distant
solvers exhibit a strong preference for non-exclusive patent licensing.
More distant solvers also appear to prefer seekers who reveal their
identity. This may indicate that uncertainty plays a role in participa-
tion likelihood for this class of solvers and that seekers can reduce
this uncertainty by being more transparent.

The difference in baseline adoption utility shows that more
distant solvers are less likely to approve of the contractual settings,
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which corresponds well to the previous results of only a few
contractual parameters being useful in enticing their participation.

RfP - Contract Attributes Parameter (S.E.) Marginal (S.E.) WTP Parameter (S.E.) Marginal (S.E.) WTP
Seeker Type

Large Corporation 0,102 (0,143) 0,023 (0,032) 5.594$     0,053 (0,144) 0,012 (0,032) 2.388$     
SME 0,607 (0,380) 0,135 (0,084) 33.327$   0,030 (0,359) 0,007 (0,080) 1.373$     
Public / Government (base)

Seeker Location 
Same Country -0,027 (0,130) -0,006 (0,029) -1.484 $    0,104 (0,150) 0,023 (0,033) 4.721$     
Same Continent 0,913 *** (0,296) 0,203 *** (0,066) 50.164$   0,066 (0,348) 0,015 (0,077) 3.004$     
Different Continent (base)

Seeker Identity
Disclosed 0,421 (0,283) 0,093 (0,063) 23.106$   0,207 * (0,109) 0,046 * (0,024) 9.383$     
Undisclosed (base)

IP Disclosure
Only in 2nd Step 0,993 *** (0,302) 0,221 *** (0,067) 54.538$   -0,151 (0,113) -0,034 (0,025) -6.851 $    
Immediately (base)

Required Solution Maturity
Prototype -0,819 *** (0,133) -0,182 *** (0,029) -44.998 $  -0,535 *** (0,143) -0,119 *** (0,032) -24.227 $  
Reduction-to-Practice -0,886 *** (0,349) -0,197 *** (0,078) -48.696 $  -0,514 (0,338) -0,114 (0,075) -23.275 $  
Theoretical Proof (base)

Retained Publication Rights
Without Restrictions 1,336 *** (0,435) 0,297 *** (0,097) 73.413$   0,820 *** (0,162) 0,182 *** (0,036) 37.135$   
With Time Delay 0,977 *** (0,151) 0,217 *** (0,034) 53.708$   0,620 (0,433) 0,138 (0,096) 28.091$   
With Content Restrictions 1,084 *** (0,435) 0,241 *** (0,097) 59.587$   0,384 ** (0,172) 0,085 ** (0,038) 17.417$   
Complete Ban (base)

Retained Patent Rights
Non-Exclusive Licensing 0,376 (0,445) 0,084 (0,099) 20.683$   0,817 *** (0,180) 0,182 *** (0,040) 37.022$   
Exclusive Licensing 1,287 *** (0,149) 0,286 *** (0,033) 70.693$   0,451 (0,497) 0,100 (0,110) 20.443$   
Inventorship 1,440 *** (0,432) 0,320 *** (0,096) 79.100$   0,238 (0,161) 0,053 (0,036) 10.783$   
Complete Ban (base)

Award Money
$75,000 1,183 *** (0,296) 0,263 *** (0,066) 1,435 *** (0,168) 0,319 *** (0,037)
$50,000 1,183 *** (0,169) 0,263 *** (0,038) 1,115 *** (0,296) 0,248 *** (0,066)
$25,000 0,000 (0,000) 0,000 (0,000) 0,871 (0,170) 0,194 (0,038)
$10,000 (base)

Constant
Baseline Adoption Utility 16,733 ** (7,885) 13,169 * (7,853)

Two-tailed t -tests; * < 0.1, ** p < 0.05, *** p < 0.01

Class 1 "close"; size=29.37% Class 2 "distant"; size=70.63%
Contract Preferences

TABLE 7.8: Latent Class Model Part Three

7.5 Discussion

According to Nooteboom et al. (2007) the positive effect of distant
knowledge arising from its novelty is discounted by increasing de-
mands on absorptive capacity required to assimilate distant knowl-
edge. In the context of broadcast search platforms problems can
be accurately described and a narrow solution space defined. This
should enable seekers to avoid the negative effects related to distant
knowledge as provided solution proposals are likely to adhere to the
pre-defined solution space. In this case the novelty value of distant
knowledge is merely discounted by the decreasing likelihood of dis-
tant solver’s contribution.
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However, it is also possible that seekers leave the solution space
open in order to attract more distant solvers. In this case absorptive
capacity is likely to play a role as proposed solutions to a defined
problem stemming from unfamiliar contexts still require more effort
on the part of the seeker to understand and as seekers tend to ig-
nore distant solutions when confronted with resource conflicts in the
filtering stage (Piezunka and Dahlander, 2015). In this case the nov-
elty value of distant knowledge is discounted by increasing demands
on absorptive capacity as well as lower likelihood of distant solver
participation. In either case the negative effect of distance on partic-
ipation likelihood needs to be taken into account. Our study shows
that knowledge distance conceptualized as function of RfP descrip-
tion and texts produced by potential solvers transformed to a vector
space can be used to predict participation likelihood and reveals in-
teractions with contractual design.

Given our research design it is important to correct for selection
bias in order to correctly estimate the effect of distance on partic-
ipation. We have corrected for a selection effect that occurs when
inviting potential solvers to the survey and in the second step, when
the solvers decide on whether to complete the survey. This selection
effect offered first insights into the link between knowledge distance
and participation with many solvers opting out of the survey when
they were more distant to the problem.

Prior literature has shown that more distant solvers tend to con-
tribute more valuable solutions, which is a central (implicit) benefit
of the concept of broadcast search. Our findings suggest that the
promise of broadcast search cannot be realized if the effect of knowl-
edge distance on participation is not accounted for. In a latent class
regression we estimate the effect of various choice-variant and in-
variant parameters on participation. Individual-level variables are
only of limited use when attempting to determine who participates.
The academic background does not appear to be a significant predic-
tor of participation at this point. However, the selection model has
shown a strong negative effect of the citation count on the decision
to participate in the survey. Prior experience with broadcast search
platforms affects participation likelihood, suggesting that there are
either learning effects or a reduction in uncertainty. This implies that
innovation intermediaries need to overcome a hurdle when inviting
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new solvers and should invest into their existing solver network.
Analysis of contractual parameters using a conjoint study shows

that more distant solvers do not react as well to incentives. Inter-
mediaries can only partially mitigate this effect by being more trans-
parent or by offering higher rewards. Distant solvers appear to be
more sensitive to opportunity costs as evidenced by the class two
parameters for financial incentives and non-exclusive patent licens-
ing. The distant solvers’ preference for higher rewards and greater
freedom with regard to contractual aspects can be explained by rela-
tively higher anticipated costs of understanding and contributing to
the problem (Haas, Criscuolo, and George, 2015).

Also, the direct benefit to a distant solver is expected to be lower:
a close solver who contributes solutions to a company active in a
similar context can expect to benefit from newly gained personal con-
nections and learning effects that may apply to the solver’s research.
Awareness of these opportunity costs may explain distant solver’s
preference for higher financial rewards and relaxed contractual bar-
riers.

For the seeking company this implies that increasing incentives
will most likely attract more solvers at knowledge distance levels
that are not optimal. Aside from the expense related to the incen-
tives, additional effort would be required to filter the submissions.
Prior research has shown that under these conditions seekers are
likely to be overburdened and resort to discarding submissions that
are more costly to evaluate due to the higher distance to their own
knowledge domain (Piezunka and Dahlander, 2015). The dilemma
of distant solvers being less willing to participate even though they
may have the knowledge required for optimal solutions may neces-
sitate modifications to the concept of broadcast search.

7.6 Conclusion

From a managerial perspective, the results of our paper are help-
ful for intermediaries and other hosts of idea contests. We show
that contests can be designed more effectively (in terms of attract-
ing more and better suited participants) if the host is aware of the
trade-off implied by knowledge distance. We have validated topic
modeling as tool for objectively measuring knowledge distance and
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preselecting survey respondents. Our results show that publication
abstracts serve as a useful predictor for relatedness of researchers to
certain problems. This can be useful for technology transfer offices
or innovation platforms: Intermediaries may want to confront the
distance dilemma by pre-selecting potential respondents with ap-
propriate knowledge distance. Limiting the population of possible
participants in this way, it may be possible to attract solvers at the op-
timal knowledge distance with high incentive levels, while limiting
expenses and detriments related to evaluation of a flood of submis-
sions with low probability of success due to sub-optimal knowledge
distance. Furthermore, intermediaries may consider a transparent
design of the intermediation process to reduce uncertainty in distant
solvers.

From a theoretical perspective, we contribute to the understand-
ing of participation motives in idea contests. Our research design
that studies potential participants in idea contests allows us to dis-
tinguish between different types of participants and their respective
motives and barriers to participation.

There are some limitations to our study: our topic model is based
only on the abstracts of publications and the publicly available in-
formation of RFPs. A more advanced model could use full papers
and more detailed descriptions of the technical problems. This might
lead to a more accurate measure of distance between researchers and
RFPs and thus allow for better match-making. Ideally one would
compare scientific abstracts from all disciplines to all types of RFPs
to assure coverage of the entire range of distance values between sci-
entific papers and technical problems. We focused our attention on
one branch of science, enabling us to download a limited number
of RFPs and papers. However, with this restriction comes a possi-
ble bias in data selection as far as the possible range of knowledge
distances is concerned: by excluding solvers from disciplines not re-
lated to the problem described in the RfP, the possible knowledge
distance is limited with an upper limit to the possible distance. In
order to keep this problem to a minimum, we focus on a general
purpose technology (nanotechnology), which limits the scope of the
study without infringing too much on possible distance values.

By presenting only one RFP to a potential solver, we simplify
from the real situation of potential solvers having to choose from a
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set of RFPs. However, with regard to the effect of distance on partic-
ipation this is likely to lead only to an under-estimation of the effect
as an increased number of choices tends to shift solver attention to
closer problems (Haas, Criscuolo, and George, 2015).

Further research may attempt to investigate possible non-linear
relations between distance and participation likelihood: if a full
range of possible distance values is taken into account by expanding
the dataset to solvers from completely unrelated disciplines, the
negative effect of distance on participation may be reinforced.
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Chapter 8

Collaboration: breadth, depth
and potential

The results of a study1 on university-industry collaboration are pre-
sented in this section. Prior research has found that in a regional con-
text, knowledge can spill over to other institutions. These spillovers
also affect knowledge created at universities and hence contributes
to the innovative potential of a region. The focus of this study is
on collaborative research as a transfer channel between industry and
academia. I.e. we try to understand how suitable cooperation be-
tween researchers employed by academia and industry is to transfer
knowledge generated in academia into a more applied context. We
use publication data to identify collaborative networks across Ger-
man regions. We contribute to existing research by focusing on three
aspects of this transfer channel: its breadth, depth and the potential
for transferable knowledge.

The remainder of this chapter is structured as follows: the next
sub-section introduces the topic. In further sub-chapters prior litera-
ture is discussed. We then describe the collection of data and suitable
methods for analysis. We continue to report our findings and sub-
sequently discuss their importance. Finally, this chapter concludes
with a discussion of limitations and suggestions for future research.

8.1 Introduction

In 1956 Abramovitz described a “non-finding” which set in motion a
new stream of research that is unabatedly popular with economists:

1The study is the result of joint work with Hannes Lampe (Hamburg University
of Technology)
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the inputs to a national economic system were insufficient to pre-
dict its outputs (Abramovitz, 1956). As a consequence, knowledge
has been recognized as important resource for economies that evolve
past the industrial stage. One aspect that may attract researchers
to the topic is perhaps that the production of knowledge is the key
competence of the academic community. Extensive prior research
has refined our understanding of knowledge production and identi-
fied universities as a potential source for commercial application of
knowledge (Cowan and Zinovyeva, 2013; Fagerberg and Verspagen,
2002; Ponds, Oort, and Frenken, 2010).

While universities have been found to be capable of directly
translating knowledge into applications (O’Shea et al., 2005),
existing research stresses the opportunities of cooperation between
academia and industry due to the potential to combine the
resources of both domains. Whereas universities create knowledge,
industry excels at translating knowledge into successful products
or services. This stream of research builds on the knowledge
production framework, which estimates knowledge outputs as
function of various input parameters at the regional or national
level (Audretsch and Lehmann, 2005; Cowan and Zinovyeva, 2013;
Ponds, Oort, and Frenken, 2010).

Two mechanisms are regarded as important for linking academic
knowledge production and industrial knowledge production:
spillovers that occur naturally between co-located actors and
collaborations on scientific projects that include actors from both
academia and industry (Maietta, 2015). We extend research on the
transfer of knowledge between academia and industry by taking a
closer look at scientific university-industry collaboration as well as
the position of universities within the collaboration networks. We
find that collaboration between academia and industry in terms
of scientific co-publications positively affects regional industrial
knowledge production. We add to the existing literature by showing
that this effect can be divided into measures for collaboration
breadth, intensity and potential. We find that collaboration
breadth emerges as the most robust aspect when explaining the
positive relation between collaboration and industrial knowledge
outputs. We also find that collaborations enable not only direct
knowledge flows from university to industry but also strengthen
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the effectiveness of local universities in contributing to industrial
knowledge production.

8.2 Theory

As recombination of knowledge is regarded important for the
economic growth of knowledge-based economies (Keupp and
Gassmann, 2013 Leiponen and Helfat, 2009) significant attention
has been paid to academia as one of the primary generators of
knowledge. Since industry is generally considered to be more
effective at translating knowledge into innovations (Robin and
Schubert, 2013), a stream of research has concerned itself with the
transaction of knowledge from academia to industry and the impact
of such knowledge transfer on industrial knowledge outputs. A
popular framework for this field of analysis is the "knowledge
production function" concept according to which knowledge
outputs of industry are modeled as a function of various industrial
and academic input factors (Griliches, 1990; Jaffe, 1986) at regional
or national levels (Anselin, Varga, and Acs, 1997).

Increasingly, characteristics of universities are taken into account
to explicitly model the positive effects of academic knowledge on
industrial knowledge production (Gulbrandsen and Smeby, 2005;
Robin and Schubert, 2013). The relevance of academia to indus-
trial knowledge production can be explained with the presence of
spillovers (Glaeser et al., 1992): intended or unintended transfers of
knowledge from universities to industry positively affect firm’s abil-
ities to innovate. Several channels have been identified for the trans-
mission of knowledge from academia to industry: informal trans-
fer, such as personal communication in professional or private net-
works (Breschi and Lissoni, 2001; Ponds, Oort, and Frenken, 2010
Singh, 2005), the transfer of knowledge through university graduates
that seek employment in local industry (Almeida and Kogut, 1999;
Breschi and Lissoni, 2006; Leten, Landoni, and Van Looy, 2014), uni-
versity spin-offs (Zucker, Darby, and Armstrong, 1998), an indirect
transfer through scientific publications accessed by industry (Leten,
Landoni, and Van Looy, 2014) as well as formal collaboration as indi-
cated by scientific publications or patents that name both a university
and a company (Powell, Koput, and Smith-Doerr, 1996; Stuart, 2000).
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The ease with which information can be transmitted through per-
sonal communication results in transfers that may not be intended
by the transmitting organization (Marshall, 1898). These localized
knowledge spillovers have been found to positively affect a region’s
knowledge production in the context of university-industry collabo-
rations (Moreno, Paci, and Usai, 2005; Anselin, Varga, and Acs, 1997;
Fischer and Varga, 2003; Leten, Landoni, and Van Looy, 2014).

The efficiency of information transfer decreases with distance as
knowledge can be tacit (Polanyi, 1966), i.e. it is associated with high
transfer costs as some aspects of the knowledge are not explicitly
known by the transmitting person. Personal communication
reduces these transfer costs. However, the probability that personal
communication is chosen as transfer channel decreases with
distance (Laursen, Reichstein, and Salter, 2011). In the special
context of university-industry collaboration, the transfer may be
complicated by different organizational cultures (Lissoni, 2001)
increasing transaction costs and making the spatial nature of the
transfer process even more relevant. Knowledge flows over longer
distances can be enabled by scientific publications. Scientific
publications are, as public good (Anselin, Varga, and Acs, 1997),
available for any interested party and enable information exchange
over greater distances (Maietta, 2015).

However, given the large number of available publications as
well as the high degree of specialization inherent to advancements
of scientific literature, it is to be expected that significant costs are re-
quired for firms to identify and absorb academic knowledge so that
publications are less effective at transferring knowledge across the
organizational boundary between academia and industry.

These transaction costs can be reduced by formal collaborations
as indicated by scientific co-publications with authors from both
academia and industry. A co-publication by university and industry
indicates a certain degree of investment by the partners as it hints at
an underlying formal collaboration (Audretsch and Lehmann, 2005).
For the firm, additional transaction costs for identifying relevant
literature are either not required or delegated to the partnering
university. The absorption of knowledge is eased by participation
of company employees in the research project. Furthermore, this
type of collaboration is likely to entail a different sort of knowledge
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flow than alternative transfer channels. Informal communication,
while offering the benefit of very low transaction costs, is limited
in the depth of information that can be transmitted (Welsh et al.,
2008). Graduates, while trained in the basics of their profession,
do not come with the same degree of expertise in scientific work
required to mitigate the aforementioned transaction costs relevant
to absorbing scientific knowledge and spend most of their time
at university catching up to the scientific status quo rather than
expanding it. Scientific publications (i.e. those that were not
part of a collaborative effort with industry) tend to be difficult to
absorb for firms. In short, collaborations on scientific publications
differ to other transfer channels in that they mitigate significant
transaction costs and have the potential of providing more in-depth
information.

Prior research on formal university-industry collaboration
has used measures derived from economic geography to capture
spillover effects over distances (Cowan and Zinovyeva, 2013; Ponds,
Oort, and Frenken, 2010 Anselin, Varga, and Acs, 1997). We extend
this approach by disentangling the effect into three mechanisms of
knowledge transfer: depth, breadth and potential. Prior research
on collaboration has found evidence that both the intensity of the
collaboration and the number of collaborations have a positive effect
on collaboration outcome (Berchicci, 2013; Bercovitz and Feldman,
2011).

With respect to the scenario of collaborations on scientific publi-
cations, the breadth is likely to have a positive effect as it increases
the access to diverse sources of knowledge, which in turn enable re-
combination of knowledge. Hence a region that collaborates with
many other regions is likely to be more effective at producing knowl-
edge. The depth or intensity of a collaboration is likely to affect
the bandwidth of the transaction channel: more frequent collabo-
ration over the same channel is an indication for larger knowledge
flows. However, frequent collaborations may also hint at transac-
tion channels that have already been exploited (Gonzalez-Brambila,
Veloso, and Krackhardt, 2013). The knowledge that can potentially
be transmitted through a channel, i.e. the transfer channel’s poten-
tial, is likely to depend on characteristics of the collaboration partner.
Prior literature has used publication counts to indicate a university’s
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reputation and value as collaboration partner (Butler, 2003; Leten,
Landoni, and Van Looy, 2014).

An alternative measure are university R&D expenditures (Ponds,
Oort, and Frenken, 2010): successful research institutions are able to
acquire more funding which allows for larger staff and better equip-
ment, enabling more and higher quality research. Other available
measures for available knowledge stocks, such as publication counts
or number of employees, can be subsumed and complemented (e.g.
as indicator of better equipment) by R&D expenditures.

Prior research has found collaboration on scientific publications
to be a viable channel for information transfer, enabling local indus-
try to benefit from knowledge created at distant universities (Mans-
field, 1998). Several mechanisms may explain this finding: informa-
tion obtained through collaboration may directly translate into in-
novation (e.g. spin-offs resulting from university-firm cooperation).
Incoming information may also be relevant to the firm’s processes,
making it easier to identify opportunities and absorb additional sci-
entific knowledge (Fleming and Sorenson, 2004).

So far it has been implicitly assumed that such spillovers only
exist on the direct route from local industry to distant universities.
Positive effects of knowledge created at local universities have been
treated as separate effect. In recent literature the network position
of local universities has taken a more prominent role in explaining
spillover effects. A logical next step would be to test whether sci-
entific collaboration by local academia has a similar effect to firm-
industry collaboration on regional knowledge production.

When comparing universities and industry as catalysts of
scientific knowledge, some arguments can be found why either
side would be (un)-suitable for the task. Private companies are
considered to be effective at translating knowledge into innovations
(Roessner, 1977). When abstracting from the difficulty involved
in absorbing academic knowledge, local industry should emerge
as the more efficient catalyst of academic knowledge. However,
academic knowledge is likely to be either uncodified (experience of
researchers on a given subject matter) or codified in ways that are
not easy to absorb (in scientific publications).

Universities should be able to absorb scientific knowledge with
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lower transfer costs if that information originates from a related sci-
entific discipline: universities usually have access to databases con-
taining recent publications and researchers are experienced in iden-
tifying relevant articles and in efficiently extracting information. The
ability of academia to advance the frontiers of science increasingly
depends on their competence in networking with colleagues, as in-
novation in science requires a high degree of specialization (Bush
and Hattery, 1956; Goffman and Warren, 1980).

Hence cooperation between specialists is an important aspect
in scientific advances. However, converting information into
applications has traditionally not been a focus of universities, even
though studies on the entrepreneurial university and respective
policy changes are changing the traditional focus and enable
universities and individual researchers to commercialize their
knowledge (Bramwell and Wolfe, 2008).

In summary we expect universities to have better access to
knowledge from academia but to be less efficient at converting that
knowledge into applications, whereas industry is more efficient at
translating knowledge into applications but faces higher transaction
costs when accessing scientific knowledge.

8.3 Data and methods

According to the knowledge production framework, regional knowl-
edge outputs can be estimated as a function of regional characteris-
tics. We follow prior literature by using patent counts as measure
for regional knowledge output (Jaffe, Trajtenberg, and Henderson,
1992), focusing on the knowledge-intensive industry of nanotechnol-
ogy. We collected data for 412 NUTS3 (Nomenclature des unités ter-
ritoriales statistiques) regions of Germany (European Commission,
2015) to estimate regional knowledge outputs and relevant input fac-
tors. Since production of knowledge is a time-intensive process we
distinguish between three time periods (Ponds, Oort, and Frenken,
2010): the knowledge production function’s (KPF) output, the num-
ber of patents, is measured for the years 2008-2010. We assume that
the underlying inventive effort takes place in 2007 and collect con-
trols for that year. The third time-slice, from 2004-2007, includes col-
laborations that precede the inventive effort.
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8.3.1 Count Data

As the collection process for patent data includes both rural regions
as well as large urban centers, the resulting variable is both
over-dispersed and zero-inflated. Accordingly we estimate regional
knowledge output using a zero-inflated negative binomial model
(Hoekman, Frenken, and Van Oort, 2009; Zuur et al., 2009) with
appropriate tests to compare to non-inflated and Poisson models.

Pi,t = eα lnxi,t−1+β ln zi,t−1+γ ln ai,t−1+ε (8.1)

In this two-stage model excess zeroes are predicted using a lo-
gistic regression, followed by a negative binomial model to estimate
the over-dispersed patent counts. A likelihood ratio test is used to
compare the zero-inflated negative binomial model to a zero-inflated
Poisson model, whereas the Vuong test (Vuong, 1989) is used to com-
pare the negative binomial to the zero-inflated negative binomial
model.

8.3.2 Dependent variable

As measure for regional knowledge output we employ nanotechnol-
ogy patent applications filed in the years 2008-2010. Patent counts
were obtained by searching the European Patent Office’s statistical
database (PATSTAT, 2012 edition). We use keyword-based searches
on abstracts and titles (Arora et al., 2013), as well as IPC (interna-
tional patenting classification) and ECLA (European classification
system) classes to identify applications from the field of nanotech-
nology. To avoid counting one invention multiple times, we matched
these applications to their corresponding patent families (Hingley
and Park, 2003).

To geocode the resulting set, we used address information
contained in PATSTAT as well as information from the REGPAT
database (Maraut et al., 2008) and retrieved additional missing
location information from Espacenet, the German patent
office’s online database. Addresses were then matched to their
corresponding NUTS (Nomenclature des unités territoriales
statistiques) codes (version of 2010), which allowed us to fractionally
attribute patent counts to 412 German NUTS3 regions (i.e. to add
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a share of each patent application to one region according to the
corresponding number of applicants/inventors from that region).

8.3.3 Independent variables

As measure for collaborative efforts we used co-publications
retrieved from articles downloaded from the Web of Science in the
time frame 2004-2007. We again used a key-word based search to
retrieve publications on the topic of nanotechnology. Organizational
names and addresses were used to geolocate publications and
identify collaborations within the academic network (all article
authors employed at universities) and collaborations between
industry and academia (at least one author employed by a
company). Publications were fractionally distributed over regions
according to author organization affiliation. For industry-university
collaboration, the resulting network between German regions, with
aggregated co-publications between two regions as tie strength, is
asymmetric as we assume that university R&D expenditures have
an effect on local industry. In other words, for a given collaboration
between industry in region A and academia in region B we add
a directed link from B to A as transfer channel for B’s academic
knowledge stocks as indicated by R&D expenditures in region B.

The network for collaboration within academia is undirected, we
assume that both universities benefit from knowledge stocks of their
partnering university.

Our focal variable "collaboration breadth" is the degree centrality
of each region within these two networks, i.e. the number of regions
connected to the focal region through co-publications.

The collaboration intensity measure is the average tie strength
(i.e. aggregated number of fractionally counted co-publications) of
the local region to collaborating regions.

The transfer channel’s potential is indicated by the knowledge
stocks available at the transmitting side: university R&D expendi-
tures of collaborating regions of the focal region are multiplied with
a weight matrix constructed from the collaboration network. The
weight-matrix is row-standardized in accordance with conventions
in spatial analysis (Ponds, Oort, and Frenken, 2010).
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8.3.4 Controls

To control for existing knowledge stocks relevant to industrial
knowledge production, we use patent application counts for the
year 2007, excluding nanotechnology patents. In accordance with
prior literature we also control for the effect of local industrial and
academic R&D expenditures on knowledge production. Data for
these variables were obtained from the ‘Stifterverband für Deutsche
Wissenschaft’ for the year 2007.

We use spatial weight matrices to control for spillovers of R&D
expenditures over short distances. Due to the nature of spatial data
(regions can be isolated and are not regularly shaped), we use an
interpoint distance matrix based on the k-nearest neighbor metric,
which gives a better indication of which regions adjoin the focal re-
gion compared to simple adjacency matrices (De Smith, Goodchild,
and Longley, 2007).

We also control for general economic characteristics of regions
that affect knowledge output. The ratio of employees in manufac-
turing relative to the number of employees in the service sector dif-
ferentiates industrial regions from regions with a focus on services.
The ratio of employees with tertiary education indicates the knowl-
edge intensity of regional jobs. We also control for the average firm in
terms of firms’ employees. Finally, we control for regional industrial
specialization using a Herfindahl index (i.e. the sum of the squared
ratios) constructed from regional patent applications in 35 technol-
ogy categories for the year 2007 (Jaffe and Trajtenberg, 2002).

8.4 Results

Table 8.1 shows descriptive statistics for variables of interest and con-
trols. The number of observations is limited to 412, the number of
county-level NUTS regions in Germany. Of those, not all are equally
likely to have a stock of nanotechnology patents. Especially rural
regions inflate the number of zeroes, indicating over-dispersion and
possibly zero-inflation in the dataset. Descriptive statistics indicate
certain correlation between some of the variables of interest. We cal-
culated variance inflation factors for the independent variables with
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all factors at three or lower. In subsequent regressions multicollinear-
ity issues do not appear to be an issue.
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TABLE 8.1: Descriptive Statistics
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Table 8.2 shows the result of several zero-inflated negative bi-
nomial regressions. A likelihood ratio test was performed for each
model to compare each model to a zero-inflated Poisson regression.
The test reveals that Poisson models are not suitable for our dataset.
Additionally a Vuong test was conducted for each model to com-
pare the ZINB model to a conventional negative binomial regression.
Again, all models fit significantly better with the ZINB specification.
As expected, some of the controls, in particular the proportion of em-
ployees with tertiary education in a region, are useful for predicting
excess zeroes.
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Model (1) (2) (3) (4) (5) (6) (7) (8)
Breadth Uni-Firm 0.033*** 0.028*** 0.029*** 0.029***

(0,008) (0,008) (0,008) (0,008)
Potential Uni-Firm 0.029*** 0.038*** 0.036***

(0,011) (0,013) (0,013)
Intensity Uni-Firm -0,183 -0,159

(0,151) (0,143)
Breadth Uni-Uni 0.009** 0.010** 0.012* 0.012*

(0,004) (0,004) (0,007) (0,007)
Potential Uni-Uni -0,008 -0,006 -0,002

(0,014) (0,014) (0,014)
Intensity Uni-Uni -0,052 -0,176

(0,126) (0,130)
Controls
University R&D (ln) 0.031* 0,022 0,021 0,02 0,015 0,018 0,017 0,014

(0,016) (0,016) (0,016) (0,016) (0,017) (0,018) (0,018) (0,017)
Firm R&D (ln) 0.182*** 0.146** 0.127** 0.131** 0.161*** 0.162*** 0.162*** 0.127**

(0,059) (0,058) (0,058) (0,058) (0,058) (0,058) (0,058) (0,057)
Wdistance Univ. R&D (ln) 0.142** 0.119** 0.113* 0.114* 0.154** 0.156*** 0.159*** 0.129**

(0,058) (0,059) (0,058) (0,058) (0,060) (0,060) (0,060) (0,059)
Wdistance Firm R&D (ln) -0.227*** -0.147* -0.142* -0.141* -0.191** -0.187** -0.190** -0,121

(0,080) (0,083) (0,081) (0,081) (0,081) (0,081) (0,080) (0,080)
Manu/Service -0,164 -0,17 -0,131 -0,14 0,019 0,017 0,021 -0,04

(0,201) (0,199) (0,199) (0,197) (0,216) (0,216) (0,216) (0,212)
Share of tert. educ. 12.850*** 11.791*** 10.630*** 10.539*** 11.832*** 11.598*** 11.581*** 10.008***

(2,392) (2,351) (2,338) (2,316) (2,407) (2,433) (2,428) (2,314)
Average firm size 0.101*** 0.084*** 0.081*** 0.080*** 0.089*** 0.087*** 0.088*** 0.076***

(0,031) (0,030) (0,030) (0,030) (0,031) (0,031) (0,031) (0,029)
Specialization index -0.811** -0.837*** -0.737** -0.703** -0.736** -0.740** -0.735** -0.644**

(0,316) (0,313) (0,311) (0,312) (0,315) (0,314) (0,314) (0,309)
KB07 0.002*** 0.001** 0.001*** 0.001*** 0.002*** 0.002*** 0.002*** 0.001***

(0,000) (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) (0,000)
Constant -2.260** -2.274** -2.214* -2.264** -2.547** -2.566** -2.582** -2.608**

(1,152) (1,156) (1,142) (1,143) (1,143) (1,141) (1,137) (1,127)
Zero-Inflated Part
Firm R&D (ln) -0,045 -0,145 -0,187 -0,186 -0,104 -0,108 -0,106 -0,182

(0,361) (0,337) (0,353) (0,347) (0,339) (0,336) (0,335) (0,339)
Manu/Service 2.741** 2.762** 2.980** 2.979** 2.991** 3.009** 3.018** 3.143**

(1,368) (1,344) (1,442) (1,432) (1,383) (1,386) (1,388) (1,449)
Share of tert. educ. -46.176* -49.135* -56.842* -56.900* -49.105* -50.681* -50.916* -59.855*

(26,371) (27,382) (30,161) (29,842) (27,655) (28,251) (28,330) (30,979)
Average firm size 0,198 0,162 0,177 0,173 0,17 0,165 0,165 0,157

(0,164) (0,160) (0,168) (0,167) (0,163) (0,163) (0,163) (0,166)
Specialization index -1,302 -1,476 -1,019 -0,948 -1,026 -0,965 -0,918 -0,671

(2,952) (2,785) (2,953) (2,941) (2,938) (2,915) (2,916) (2,922)
KB07 -0.137*** -0.125*** -0.123*** -0.122*** -0.122** -0.119** -0.118** -0.113***

(0,052) (0,046) (0,045) (0,044) (0,049) (0,048) (0,048) (0,042)
Constant 2,879 4,311 4,315 4,295 3,26 3,33 3,268 4,077

(4,791) (4,517) (5,004) (4,967) (4,708) (4,673) (4,681) (4,943)
Fit Statistics
Alpna (ln) -2.021*** -2.201*** -2.301*** -2.362*** -2.140*** -2.164*** -2.183*** -2.570***

(0,395) (0,397) (0,424) (0,442) (0,432) (0,440) (0,450) (0,538)
LL -447,6347 -439,0784 -435,7557 -434,7072 -445,1886 -445,0272 -444,9415 -433,1528
Chi² 232.44*** 249.55*** 256.2*** 258.29*** 237.33*** 237.65*** 237.83*** 261.4***
LR Test (alpha=0) 12.82*** 14.06*** 11.89*** 10.69*** 10.48*** 10.16*** 9.02*** 5.84***
Vuong 3.38*** 3.52*** 3.45*** 3.48*** 3.26*** 3.25*** 3.25*** 3.5***
N 412 412 412 412 412 412 412 412

Notes: 412 observation (198 zero); * p<0.1; ** p<0.05; *** p<0.01

TABLE 8.2: Regression Results: Knowledge Produc-
tion

Having controlled for zero inflation, we begin with a base model
that incorporates local R&D expenditures by industry and academia
as well as controls for spatial spillovers from adjacent regions. All
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R&D measures have a positive effect on local knowledge produc-
tion except for industry R&D expenditures in adjacent regions. The
significant negative effect of spatially lagged industrial expenditures
may indicate that urban regions with a high concentration of indus-
try and R&D expenditures may be surrounded by regions with a
higher proportion of rural areas and thus relatively less likely to ben-
efit from spillovers. In Model 2 we add the number of regions that
local industry collaborates with in terms of scientific co-publications
and find a significant positive effect of this measure for collaboration
breadth. We continue to add measures for collaboration potential
(i.e. R&D expenditures by universities in collaborating regions) as
well as collaboration intensity (models three and four). The transfer
channel’s potential in terms of accessible distant university knowl-
edge has a positive effect that remains significant along with the
breadth of collaborations. We cannot reject the Null-hypothesis for
collaboration intensity, although the negative sign of the estimated
coefficient gives some support for the idea that repeated collabora-
tion using the same contacts may use up the potential of a transfer
channel. Next (Models 5, 6 and 7) we test the corresponding mea-
sures for collaborative efforts of local academia: in this case only the
collaboration breadth has a significant effect on knowledge produc-
tion. Both collaboration intensity and the channels potential do not
appear to have an effect, indicating that the process leading to collab-
oration in between universities may differ to that between industry
and universities. Noticeable in Model 5 and subsequent models is
that the effect of local university R&D is substituted by the univer-
sity’s collaboration breadth. In the full Model we compare university
and industry as catalysts. The effects of collaboration breadth re-
mains significant for both industry-university as well as university-
university collaborations (albeit at a marginal level of significance in
case of the latter). The potential of the industry-university transfer
channel’s positive effect on local knowledge production remains sta-
ble throughout all models.

8.5 Discussion

We find that from the three potential mechanisms for explaining the
positive effect of collaborations, the collaboration breadth emerges
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as the most reliable explanatory variable. Increasing the number of
knowledge sources available to industry appears to strengthen their
ability to innovate by recombining knowledge. This is a strong hint
that the mechanism underlying the positive effect of collaborations
on local knowledge production is related to the diversity of knowl-
edge that can be absorbed by local industry. Further research is re-
quired to differentiate between the breadth of collaborations in terms
of the number of partners and the diversity of knowledge provided
by these partners. When considering collaborations between univer-
sities we also find a positive effect on local knowledge production.
Given the effectiveness of local knowledge spillovers over informal
transfer channels, it is likely that knowledge stored at local universi-
ties will spill over to local industry. If local universities collaborate
successfully with other universities, the size and quality of their own
knowledge stock will increase along with their ability to contribute
to local knowledge production. It is also possible that universities
contribute directly to knowledge production, for example in terms
of academic patents. However, it appears that this form of patent-
ing is limited in scope and more likely to result from collaboration
between university and industry (Crespi et al., 2011).

Collaboration depth does not appear to be useful for explaining
knowledge transfers in either channel. Even though strong ties to
a collaboration partner have been shown to be useful for successful
collaboration (Tomlinson, 2010), it appears that they do not offer an
advantage over weak ties. This findings aligns with the interpreta-
tion of the collaboration breadth effect as caused by the diversity of
accessed knowledge: if the novelty of information is the main value
arising from collaboration, then repeated collaboration with the same
partners does not necessarily yield a higher return.

The transfer channel’s potential does seem to play a role in the
case of industry-university collaborations but not so for university-
university collaborations: while we find some evidence for a posi-
tive effect of the potential in the university-university context, the
effect cannot be observed in the full Model. The explanation may be
different motivations for collaboration for the two transfer channels:
in the university-university context, collaboration between institu-
tions is the norm. Several interfaces such as meetings at conferences
or professional networks facilitate collaboration between academics.
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In the context of industry-university collaboration, more planning is
likely to be required for both sides. If transaction costs represent a
barrier for collaboration, it is likely that universities with good rep-
utation are better able to signal their value to potential collaboration
partners (Landry and Amara, 1998).

Another perspective would be to consider the channel’s potential
as indicative of the value of information that can be transmitted. So
for industry-university collaboration it proves beneficial if industry
is not only able to access more sources of information but also if those
sources are able to provide more value. Intuitively we would expect
to find that valuable information is more difficult to process and that
academia would have an advantage at processing such information
compared to industry. That we do not find evidence for this idea may
be explained by a relatively lower efficacy of universities at translat-
ing absorbed information into applied knowledge. If universities are
limited in their ability to produce knowledge and if the knowledge
they can transmit to industry is limited by available local spillover
channels, it is likely that only strong effects remain measurable.

When comparing the two transfer channels, the effect size is only
somewhat helpful as it does not include information on the relative
frequency of use for both channels. Collaborations within the aca-
demic network are much more likely than collaborations between in-
dustry and academia. As both effects are on the same order of scale,
it is likely that collaborations between industry and academia are rel-
atively more effective than a similar collaboration within academia.

8.6 Conclusion

We confirm and extend previous findings by controlling for spatial
effects and explicitly modeling spillovers over longer distances us-
ing formal collaborations. We find that scientific co-publications are
a viable transfer channel for academic knowledge. We add to exist-
ing literature by disentangling the positive effect of collaborations
into breadth, depth and potential, finding that collaboration breadth
is the strongest indicator of useful collaborations, followed by the
transfer channel’s potential. We do not find effects for collaborations’
intensity, confirming the view that repeated use of a transfer channel
tends to exploit its value.
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These findings suggest that policy which provides incentives to
research collaborations with strong breadth and potential may yield
be more efficient. For example, research grants for pairs of univer-
sities and companies that have not cooperated in the past should be
preferred over established partnerships. When selecting among new
permutations those with high potential, i.e. larger knowledge stocks,
should be preferred, as the size of the knowledge stocks of the col-
laboration partners is likely to increase the odds that the partners can
contribute relevant information and thus generate new knowledge.

Our study is limited by the sparsity of data that results from lim-
iting the dataset to NUTS3 regions of Germany. Limiting the number
of observations to 412 regions, of which many are rural regions that
do not contribute significantly to industrial knowledge production,
sets limits on the complexity of models that can be used. Several
studies have investigated collaboration at the national or state (i.e.
NUTS2) level which enables comparison of increasingly important
international, long-distance collaboration but omits effects that are
only visible over shorter ranges. Ideally further research would at-
tempt to investigate data at the regional level over several countries.
Furthermore, additional research is required on the details of collab-
oration breadth in the context of university-industry collaboration.
Diversity of accessed knowledge is a convincing explanation for the
observed effects but it is not testable given our dataset.
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Chapter 9

Geographic distance and
knowledge transfer

Having discussed some general characteristics of joint research in the
last chapter, this chapter presents the findings of a second study1 on
the same transfer channel. In this case the focus is on the distance
between actors and its effect on the transfer of knowledge. Positive
effects of collaboration between academia and industry on regional
knowledge production have been shown in a number of recent stud-
ies. We extend this stream of research by taking a closer look at the
mechanisms underlying these effects: we consider knowledge dis-
tance and diversity as new measures for the knowledge production
framework. We show that industrial regional knowledge production
benefits more from collaborations with universities when academia
provides access to diverse knowledge. While our findings regard-
ing the direct effect of distance are mixed, we show that distance is
positively moderated by existing regional knowledge stocks. The ef-
fect of diverse knowledge is negatively moderated by regional basic
knowledge stocks. Our findings imply that characteristics of collab-
oration partners and receiving actor determine the success of collab-
oration between industry and academia.

After an introduction to the topic this chapter discusses relevant
prior literature, introduces data collection and analytical methods
and presents the study’s results. The results and their implications
for future research and policy are then discussed.

1This study is the result of cooperative work with Hannes Lampe (Hamburg
University of Technology).
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9.1 Introduction

Due to increasing global competition and significant differences in
labor costs, innovation increasingly emerges as a relevant advan-
tage of national markets. With a constant increase in the maturity
of various technological domains, the space for innovation within
one field is often exhausted. Hence successful innovation then re-
quires considerable effort to merge formerly disjoint fields to expand
the space for recombination. Both strategies favor division of labor
in teams that span organizational boundaries (Ahuja, 2000; Morgan
and Cooke, 1998).

One branch of research investigates innovation at national or re-
gional levels using the concept of knowledge production functions
(e.g. Griliches, 1990; Patel and Pavitt, 1994).

This framework has been extended with measures on
collaborative efforts (Ponds, Oort, and Frenken, 2010) and analyses
of characteristics of collaboration networks (Guan, Zhang, and Yan,
2015). Collaboration, particularly between firms and universities,
is an increasingly important topic for industrial innovation
(Powell, Koput, and Smith-Doerr, 1996). As academia produces
large quantities of new knowledge, it is a potential driver of
industrial knowledge production, assuming that knowledge stocks
can be accessed and converted into commercial applications.
Knowledge spillovers are assumed to flow from universities to
firms and thus increase firms’ innovative output (Maietta, 2015;
D’Este and Iammarino, 2010; D’Este and Patel, 2007). In some
technological domains, such as nanotechnology, advancement of
basic scientific knowledge is of particular importance (Grimpe
and Patuelli, 2011), hence these domains are likely to benefit from
university-industry collaboration. The importance of innovation for
knowledge-based economies, in combination with the innovative
potential present in universities, have prompted governments to
incentivize university-industry collaboration by passing legislation
and funding collaborative projects (Link and Siegel, 2005) These
policy measures have positive effects (Link and Scott, 2005).

However, existing research, which focusses on the structural as-
pects of collaboration networks, is insufficient to explain how actors
gain benefits from networks (Ter Wal et al., 2016; Rodan and Galunic,
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2004).
Additional information on the collaborative efforts is required to

explain the mechanisms underlying successful collaborative efforts.
Text-based measures have been developed to investigate the effects
of diversity and distance on the economic value of innovations (Ka-
plan and Vakili, 2015). We create similar measures for the diversity
and distance between knowledge agglomerations in order to explain
the positive effect of collaboration on regional knowledge produc-
tion. Our results indicate that important policy implications can be
derived by extending the research on regional knowledge produc-
tion with measures for network structure and knowledge content:
instead of general policy measures that broadly incentivize research
projects, more targeted approaches may be applied. Eventually char-
acteristics of project partners, such as their specialization or their
distance between one another, may prove useful in predicting the
impact and increasing the effectiveness of the collaborative project.
Furthermore, a detailed and mostly automated analysis of potential
collaboration partners may enable firms to select suitable members
of academia without the need of governmental incentives.

This paper, as a first step towards such policy measures, suggests
new measures for the regional knowledge production framework:
the diversity of the knowledge in collaborative projects, as well as the
knowledge distance between the actors within a project. We find that
these measures prove helpful in determining with which universities
firms should collaborate to boost regional knowledge production:
should they seek specialists or look to establish diverse teams? Is
it important that their expertise is similar to the expertise of partners
or is some distance required for effective collaboration? Answering
these questions contributes to existing research on regional knowl-
edge production in three ways: (1) we show that knowledge diver-
sity explains the beneficial effect of collaborations on knowledge pro-
duction previous literature has found, (2) we test whether distance
has a direct effect on efficacy of collaborations but only find weak
negative effects, (3) we find that knowledge stocks tend to counter-
act the direct effects of diversity and distance when they are included
as interacting variable.

The remainder of this chapter is divided into four sections. The
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second sub-chapter reviews the literature on university-firm collab-
oration and collaboration network effects on knowledge production
and derives our hypotheses. The third sub-chapter describes our
dataset, the construction of new measures and methods chosen to
test our hypotheses. Sub-chapter four presents and discusses the em-
pirical evidence. Finally, conclusions are given and specific contribu-
tions of this chapter are discussed.

9.2 Theory and hypotheses

According to Schumpeter (1934) innovation is often the result of re-
combining existing knowledge (Cantner, Joel, and Schmidt, 2011). In
prior literature R&D expenditures have been a useful measure for
the creation of knowledge. Both internal, as well as external R&D,
are relevant to innovation performance (Laursen and Salter, 2014;
Freel, 2003).

Since collaboration is a means of accessing external knowledge, it
is seen as a means of expanding the available re-combinatory space.
A popular framework that allows to study the relation of innova-
tion outputs and collaboration is the knowledge production function
(Griliches, 1990 Patel and Pavitt, 1994). The KPF models a region’s
output in terms of patent counts as a function of input parameters
specific to the region (Acs, Anselin, and Varga, 2002). The KPF frame-
work can be extended to study the influence of external factors on in-
novation output such as knowledge spillovers between actors within
a region (Grimpe and Patuelli, 2011) or of input factors from other
regions (Ponds, Oort, and Frenken, 2010). This framework has also
been extended with measures for collaborative efforts (Ponds, Oort,
and Frenken, 2010), showing that firm-university collaboration can
have an impact on regional knowledge outputs. Recently, the focus
of attention has shifted to the impact of collaboration networks on
knowledge production (Hölzl and Janger, 2014; Guan, Zhang, and
Yan, 2015). In these studies, measures have been derived from col-
laboration networks to analyze the effect of collaboration on inno-
vation output at the regional level. Next to network positions and
multilevel effects of network positions (Guan, Zhang, and Yan, 2015)
on knowledge production, the effects on knowledge production ef-
ficiency (Guan et al., 2016) have been evaluated. Previous research
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mostly analyzes collaboration in a broader setting, whereas we focus
on the context of university-firm collaborations, where existing re-
search suggests that network structure is also relevant (Casper, 2013).
However, a collaboration network’s structural perspective alone is
insufficient to explain how actors gain benefits from networks (Ter
Wal et al., 2016).

According to Ter Wal et al. (2016), the diversity of knowledge in a
collaboration team determines the team’s ability to innovate. The
heterogeneity of a network’s knowledge determines the diversity
of knowledge that each network actor can access, thereby affecting
their ability to recombine knowledge (Phelps, Heidl, and Wadhwa,
2012;Rodan and Galunic, 2004;Ahuja, 2000; Burt, 1992) and to deter-
mine whether information is redundant or non-redundant based on
the network structure. Our article is, to our knowledge, the first to
apply these concepts to the context of university-firm collaboration
in a knowledge production environment.

Accessing diverse knowledge only provides benefits if actors can
process the obtained information. Prior research finds that accessing
similar knowledge tends to be easier (Cohen and Levinthal, 1990), so
measures for the diversity of available knowledge and the distances
between the knowledge stocks of actors within a network need to be
considered. Our knowledge measures for knowledge distance and
diversity have so far not been used in the context of regional knowl-
edge production functions and the specific context of university-firm
collaborations. We derive such measures and show that they are use-
ful in explaining the beneficial effects of collaboration on knowledge
production in the context of nanotechnology. We start by providing
a brief overview of knowledge diversity and knowledge distance as
mechanisms in existing research and derive hypothesis for the effect
of these measures in the context of regional KPFs and how these mea-
sures are likely to interact with other variables of interest. Further-
more, we postulate hypotheses concerning the moderating role of
regional knowledge stocks on the relationship between knowledge
diversity / distance and regional knowledge production.
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9.2.1 Knowledge diversity

We define knowledge diversity as the heterogeneity of the knowl-
edge that can be accessed via university-firm collaboration networks.
Specifically, we look at collaboration between industry in the focal
region and academia in distant regions. The heterogeneity of knowl-
edge between academic collaboration partners (excluding the focal
region) determines how broad the range of accessible knowledge for
the focal region is.

The access to heterogeneous knowledge in the context of
the knowledge production framework should benefit a region’s
knowledge production process in two ways. First, the number of
available discrete pieces of information increases the number of
possible combinations, hence accessing more knowledge increases
the chance of innovating. Since many industries have reached a
certain degree of maturity, combinations that are obvious to domain
experts have likely been tested, so the introduction of knowledge
that differs to some degree may open up new possibilities.
This view is based on prior literature which has found creative
achievements to be the result of the connection of two or more
disparate ideas or concepts within an individual’s mind (Amabile,
1996; Fiol, 1995; Zaleznick, 1985; Wang et al., 2014). Furthermore,
the Schumpeterian theory of innovation suggests that innovation
consists of recombination of conceptual materials that already exist
(Nelson and Winter, 2009; Shane, 2000).

In network theory, Burt (1992) makes a similar point by showing
that contacts which are strongly connected are more likely to provide
redundant information. Accordingly heterogeneous actors are more
likely to provide non-redundant information.

Academia has been identified as source of new knowledge that
can potentially be absorbed and converted into industrial knowledge
output (i.e. commercial applications as indicated by patent filings).
Therefore, collaboration between industry and universities may lead
to particularly useful recombination as industry’s abilities in com-
mercializing knowledge and academia’s specialization in creating
new knowledge may complement each other.

However, an increase in the diversity of available knowledge may
overburden the receiving actor’s capacity to identify valuable knowl-
edge. Hence, the costs associated with filtering potential sources of
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knowledge may deter actors from establishing a network with di-
verse partners. The necessity of engaging in collaborative efforts in
order to innovate may mitigate this barrier to some extent.

In summary, we expect that a region’s knowledge output
increases when it has access to diverse knowledge through
collaborations with scientific institutions located in other regions.

Hypothesis 1: Regional knowledge production is positively
affected by access to diverse knowledge via collaboration with
academia in distant regions.

The effect of geographic, organizational and cultural distance on
knowledge transfer has been investigated in several studies (Allen,
1977; Cummings and Teng, 2003; Hofstede, 1984; Simonin, 1999;
Polanyi, 1966). Generally, increasing the distance between two ac-
tors decreases the chance of successful knowledge transfer. As a re-
sult one can observe clustering of specialized actors and a lower fre-
quency of interaction between actors from different organizational
or cultural contexts (Almeida, 1996; Uzzi, 1996). One additional type
of distance that plays an important role is the distance between the
knowledge stocks of two actors. This distance is referred to as knowl-
edge distance and describes the dissimilarity of the knowledge of
two actors. The literature on strategic alliances finds that such dis-
tance can interfere with learning from collaboration partners (Hamel,
1991). In the context of university-firm collaboration, greater tech-
nological proximity appears to facilitate the transfer of knowledge
(Woerter, 2012).

However, it has also been recognized that knowledge distance
does not only present a barrier but also an opportunity for knowl-
edge transfer. As the adoption of knowledge grows more difficult
with distance, the degree of novelty of the potentially transferable
knowledge increases. Hence, the effect of knowledge distance on in-
novation performance is curvilinear (Nooteboom et al., 2007).

We are interested in the distance between the knowledge that can
be attributed to a region’s industrial sector and the knowledge of col-
laboration partners from academia in distant regions. In this context,
access to distant knowledge should improve a region’s ability to in-
novate as distant knowledge is more likely to be novel. However,
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two types of distance present a barrier to the adoption of increas-
ingly distant knowledge. The organizational boundary between in-
dustry and academia may complicate the transfer of knowledge. The
degree to which business practices, institutional heritage, and orga-
nizational culture differ between two organizations negatively im-
pacts the odds of successful knowledge transfer (Choi and Lee, 1997;
Ponds, Oort, and Frenken, 2007; Simonin, 1999).

The knowledge distance, in accordance to findings in literature
on inter-firm collaboration, may increase the difficulty in absorbing
knowledge (Cohen and Levinthal, 1990). If knowledge is too distant,
it loses its relevance to the receiving actor and transfer becomes too
costly.

In the context of knowledge transfer between academia and
industry, we can expect a certain minimum distance resulting from
the cultural and thematic differences between the two domains.
Given a minimum distance between actors, we are thus more likely
to observe the negative effect of the curvilinear relation described
by Nooteboom et al. (2007) when knowledge distance between two
actors increases.

Hypothesis 2: The distance of industry’s knowledge
in the focal region to the knowledge of collaborating uni-
versities negatively affects the focal region’s knowledge production.

9.2.2 The moderating role of prior knowledge

Absorptive capacity, a term introduced by Cohen and Levinthal
(1990), can be understood as an actor’s ability to assimilate and
replicate new knowledge from external sources. Zahra and
George (2002), refer to certain characteristics that are important for
companies that intend to use external knowledge:

Acquisition refers to a firm’s capability to identify and ac-
quire externally generated knowledge that is critical to its oper-
ations.

This implies that organizations exposed to the same external
knowledge might benefit differently from it due to their dissimilar
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absorptive capacity. Although the acquisition of new knowledge
and the underlying absorptive capacity influencing the acquisition
ability is mainly analyzed on the firm level, it is also a widely
accepted measure at the regional level (Miguélez and Moreno, 2015;
Mukherji and Silberman, 2013; Tunzelmann, 2009).

Absorptive capacity has also been found to moderate the rela-
tion between innovation performance and network position (Tsai,
2001), so it is likely to also moderate the relation between knowl-
edge production and university-industry collaboration. Absorptive
capacity requires learning capabilities and well developed problem-
solving skills. Learning capabilities are defined as the capacity to as-
similate knowledge in the form of imitation. Problem-solving skills
are required to create new knowledge, and thus innovation (Kim,
1998). The concept of absorptive capacity is often measured via prior
knowledge stocks (Zahra and George, 2002).

For example, Griliches (1990) shows that the cumulated general
knowledge stock has a positive impact on the production of new
knowledge. This finding is in line with the basic assumption
of the cumulative advantage model of knowledge production
(Stigler, 1983; Machlup, 1984) namely “having one idea increases
the likelihood of having another” (Zucker et al., 2007). Furthermore,
Zucker et al. (2007) show that this argumentation also holds in the
context of nanotechnology.

The validity of the cumulative advantage model is sometimes
questioned. Knowledge stocks are sometimes regarded as irrelevant
or even associated with a negative effect on the production of new
knowledge (e.g. Kuhn, 2012): the negative effect of prior knowledge
may be explained by a fixation on the status quo and lower accep-
tance for ideas that deviate. However, Kuhn mentions this in the
context of paradigm shifts in basic science, which is different from
the context of adaptation of knowledge by industry. A similar fixa-
tion on the status quo and its negative effect on R&D performance
is noted in literature on the not-invented-here syndrome (Katz and
Allen, 1982).

Positive effects of prior knowledge on knowledge production are
a common finding in the literature on regional knowledge produc-
tion. Zucker et al. (2007) show a positive effect between the size of
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prior knowledge stocks in all fields of science and the rate of produc-
tion of new knowledge. We build upon their research by including
prior knowledge stocks of various technological fields in our analy-
sis.

We argue that knowledge stocks can be a double-edged sword
in terms of their effect on knowledge production. On the one hand,
in line with previous research, a region’s knowledge base can have
a positive effect on nanotechnology patent output: prior experience
in a certain knowledge domain leads to learning effects that enable
actors to more easily absorb new information (Zucker et al., 2007).

However, when combined with measures for the diversity
and distance to the knowledge that is to be adopted, the effect
of knowledge stocks may differ to the common findings. Access
to highly diverse knowledge may be less beneficial in a region
with large knowledge stocks, as such regions may not require
collaboration over longer distances to connect to new sources
of information: such regions may either already possess the
knowledge that exists in other regions or have high confidence in
their ability to generate the desired knowledge without outside
help. In this case, local collaboration or informal connections may
be relatively more important. Respectively, a region with low
knowledge stocks is likely to benefit more from collaboration with
diverse partners as it is less likely that the region already has access
to diverse knowledge. We thus argue that regional basic knowledge
stocks negatively affect a region’s ability to exploit diverse external
knowledge from collaborating with universities in other regions.

Hypothesis 3a: Regional knowledge stocks negatively moderate
the effect of access to diverse knowledge through collaboration on
the focal region’s knowledge production.

The regional knowledge stock may not only affect the
relationship between knowledge heterogeneity of collaborating
universities and the focal region’s industry. It may also be relevant
for the effect of knowledge distance between the focal region’s
industry and collaborating universities in other regions. Distant
knowledge may be easier to process if the receiving region has large
knowledge stocks and thus experience with decoding specialized
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information efficiently. Hence, regions with high knowledge stocks
are likely to be better at recognizing the value of distant knowledge.
They can use their experience to mitigate the adoption barriers that
knowledge distance usually imply:

Hypothesis 3b: Regional knowledge stocks positively moderate the
effect of distant knowledge accessible through collaboration on the
focal region’s knowledge production.

Overall, we expect the two characteristics of knowledge (diver-
sity and distance) that industry can access via collaboration with
academia to have direct effects on regional knowledge production
in nanotechnology. Furthermore, we expect that regional knowledge
stocks, in form of patents, will have a moderating effect on the rela-
tionship between our two focal variables (knowledge diversity and
distance) and regional knowledge production in the domain of nan-
otechnology. Figure 9.1 depicts our proposed theoretical model.
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FIGURE 9.1: Conceptual Model
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9.3 Methods and data

In the knowledge production framework, knowledge outputs are
typically measured using patent counts (Jaffe, Trajtenberg, and Hen-
derson, 1992) aggregated at the level of analysis. The basic KPF spec-
ification comprises firm and university R&D expenditures as inputs.
As the center of analysis of this article are firm-university collabo-
rations, we follow Ponds et al. (Ponds, Oort, and Frenken, 2007) in
using scientific co-publications as indicator of formal collaboration
spanning several regions (in our case the 412 NUTS level 3 regions of
Germany). We follow Ponds et al. (Ponds, Oort, and Frenken, 2007)
and group our data into three time periods. The first time period,
t-2, is used to collect data on collaboration in a time-frame preceding
the patent filing (2004-2007). The second time-frame, t-1, includes all
other input and control variables except for the network-based vari-
ables (2007). Finally we collected data for our dependent variable,
patent applications in nanotechnology, for the years 2008 - 2010.

9.3.1 Estimation of count data

Our output is measured by the amount of patent applications in
the field of nanotechnology over a certain period of time. Thus,
the dependent variable cannot assume values smaller than 0 and
is initially treated as integer value. Furthermore, the distribution
of our dependent variable is skewed, suggesting that Poisson re-
gression may be appropriate. However, the dependent variable is
also over-dispersed, consequently the negative binomial estimation
framework was chosen for our analysis. In this case, a generalized
linear model (GLM) is adopted, using the logarithm as a link func-
tion. Therefore, our model takes the form:

Pi,t = eα lnxi,t−1+β ln zi,t−1+γ ln ai,t−1+ε (9.1)

As we are analyzing all NUTS 3 regions in Germany, an excessive
number of zero counts occurs (for example in rural regions). We cor-
rect for these structural zeroes with a zero-inflated negative binomial
model (Frenken et al., 2009; Chessa et al., 2013; Hoekman, Frenken,
and Van Oort, 2009). Therefore, the estimation process consists of
two parts. First, a logit regression is used to explain the probability
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of no nanotechnology patents being filed in a region. The second part
of the model is the central negative binomial model which estimates
the observed patent counts.

9.3.2 Data

We use nanotechnology patent applications as dependent variable
to measure knowledge production. We searched the European
Patent Office’s statistical database (PATSTAT, 2012 edition) for
nanotechnology patents filed in Germany. Following Arora et al.
(Arora et al., 2013) we use keyword-based searches on abstracts
and titles, as well as corresponding IPC (international patenting
classification) and ECLA (European classification system) classes
to identify applications for the years 2008 to 2010. To avoid
counting one invention several times, we reduce the applications
to patent families, which aggregate patent applications with
identical claims (i.e. modifications of applications or applications at
different patent offices). To geocode the resulting set, we matched
patents to the REGPAT database and retrieved additional missing
location information from Espacenet, the German patent office’s
online database. In a final step duplicate entries for individuals
and organizations were removed, which further increased the
coverage of location data. Addresses were then matched to their
corresponding NUTS codes (version of 2010), which allowed us
to fractionally attribute patent counts to 412 German NUTS3
regions (i.e. to add a share of each patent application to one region
according to the corresponding number of applicants/inventors
from that region).1

As an indicator of collaboration between industry and academia,
we use scientific co-publications in the timeframe 2004-2007. We re-
trieved articles on nanotechnology from the Web of Science using a

1As mentioned above, the distribution of patent applications is skewed and
over-dispersed, which suggests that a negative binomial model is appropriate.
Due to fractional counting, the dependent variable is continuous and cannot im-
mediately be applied in a negative binomial model. We round the value to full
integers. Rounding introduces some error into the variable. However, the only
alternative would be to attribute a full patent to each region when a patent appli-
cation has more than one applicant (which is often the case). Hence we have to
choose between a rounding error and inaccuracies in the relation of patent counts
between regions that result from attributing whole patent counts. Since the lat-
ter error seems more likely to distort our data, we went ahead with rounding the
fractional variable.
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keyword-based search resulting in 358 university-firm publications.
In the resulting dataset author affiliations to universities and compa-
nies were used to geocode articles and to identify collaboration span-
ning 198 German NUTS3 regions. We follow prior research in using
weight matrices to model knowledge transfers in the KPF (Ponds,
Oort, and Frenken, 2010): in this case we assume that knowledge
flows from the university to firms, enabling additional knowledge
production in the firm’s region. Hence our weight matrix is de-
rived from a directed network and is asymmetric. As with the patent
counts, publications are fractionally attributed to regions according
to the location of co-authors. The weights arise from aggregating the
fractional counts of co-publications between two regions. The col-
laboration networks are then used to derive more complex measures
for knowledge diversity and knowledge distance.

Our first independent variable is collaboration network knowl-
edge diversity (variable "knowledge diversity") for firm-university
collaborations. For a focal region we define diversity as the hetero-
geneity of the knowledge accessible through the collaboration net-
work, i.e. focal region’s industry collaborates with academia in sev-
eral other regions. We base the variable on a similar construct intro-
duced by Ter Wal et al. (2016): the academic knowledge stocks of
these distant regions are used to build the diversity measure. Using
a topic model (Blei et al., 2003) we transform nanotechnology publi-
cations from each region into a vector of length 250, i.e. one publi-
cation abstract is represented by 250 topic vectors where each topic
vector is a probability distribution over semantically related words.
The vector representation of publications is averaged for a represen-
tation of the region’s scientific knowledge which can be compared
to other regions using the cosine similarity metric, i.e. the cosine of
the angle between two region vectors (Tan, Steinbach, and Kumar,
2006). Knowledge diversity is then calculated as the average cosine
distance between the scientific knowledge of one region and its sci-
entific collaboration partners. The cosine-distance is defined as:

1− similarity = 1− cos θ = 1− AB

||A|| ||B||
(9.2)

= 1−
∑N

i=1AiBi√∑N
i=1A

2
i

√∑N
i=1B

2
i

(9.3)
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The second independent variable is collaboration network’s
knowledge distance. We measure the distance between the
industrial knowledge stocks (patents) of the focal region and the
academic knowledge stocks of the distant collaborating regions and
take the average value for a firm’s region. We again use a topic
model to transform nanotechnology patents from the focal firm’s
region and nanotechnology publications from connected distant
university regions into vectors. Individual vectors are aggregated
at the region level and the regions compared using the cosine
similarity measure.

We include regional prior knowledge (knowledge stock) in terms
of patent applications in the year 2007 in our model for two reasons:
first, as previous research has shown that regional knowledge stock
has an effect on regional knowledge production (Roper and Hewitt-
Dundas, 2015; Zucker et al., 2007) and second, to analyze knowledge
stock’s moderating effect on our focal variables.

To control for the scope of collaboration between industry and
academia we include two variables in our regressions: the variable
"amount of collaborations" controls for regions with industry that at-
tract more collaboration. The number of collaboration partners con-
trols for the breadth of knowledge that can be obtained through col-
laboration.

We include input variables to the production function that are
commonly used in prior research, such as firm R&D expenditures
and university R&D expenditures. These data are obtained from the
‘Stifterverband für Deutsche Wissenschaft’ for the year 2007.

We control for spatial spillovers, i.e. knowledge transfers
over short distances that have been found to significantly impact
knowledge production analyzed at the regional level (D’Este,
Guy, and Iammarino, 2013; Leten, Landoni, and Van Looy, 2014;
Grimpe and Patuelli, 2011) using spatial weight matrices (Ponds,
Oort, and Frenken, 2010). The matrix contains weights based on
the distance of regions to a focal region and allows to construct
measures for spatial spillovers that consist of summed, weighted
R&D expenditures in adjacent regions. As NUTS 3 regions differ in
size and shape, we use an interpoint distance weight matrix based
on a k-nearest neighbor metric instead of a simple adjacency matrix
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(De Smith, Goodchild, and Longley, 2007).2

Further controls were built based on data from the German fed-
eral office of statistics to capture the economic structure and size of
regions. The manufacturing/ service ratio of employees gives the
ratio of employees in manufacturing industries in relation to those
working in service. The workforce with tertiary education in per-
centage gives an indication of the relation of the science-based work-
force. To control for firm sizes in a region, we incorporate the average
firm size of a region in terms of firms’ employees. Furthermore, we
use a specialization index to account for regional industrial special-
ization. We use a Herfindahl index built from the number of patent
applications in one of 35 fields of technology (classification scheme
based on Jaffe and Trajtenberg, (2002) relative to the total number of
filed patents.

9.4 Results

The descriptive statistics are presented in Table 9.1. Supporting prior
research in the domain of nanotechnology KPF, we see that firm R&D
expenditures are strongly correlated with our dependent variable.
University R&D is slightly less correlated with our dependent vari-
able, patents in nanotechnology. In accordance to findings by Zucker
et al. (2007) a region’s prior knowledge base is also strongly corre-
lated with regional nanotechnology patents. The highest variance
inflation factor for the independent variables (excluding interaction
effects) is 3.03 and thus indicates that multicollinearity among vari-
ables is not a concern (Chatterjee and Price, 1991).

2Here we use row standardized weight matrices, implicitly assuming the pres-
ence of limited absorptive capacity (Ponds, Oort, and Frenken, 2010). This implies
that the R&D expenditures of neighboring regions enter the focal regions knowl-
edge production as the weighted average of R&D expenditures of neighbors. Thus,
an increase in neighbors for region i results in a decrease of each neighbors’ (j)
spillovers towards region i.
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Table 9.2 summarizes the results from the zero inflated negative
binomial regressions. The natural logarithm of the dispersion pa-
rameter is significantly different from zero in all model specifica-
tions, indicating that a negative binomial is preferable over a Poisson
model. The z –value of the Vuong test (Vuong, 1989) is significant in
all models and thus shows that the zero inflated specification is to be
preferred over the standard negative binomial one.

Model (1) (2) (3) (4) (5) (6) (7) 
Diverse knowledge   1.447***  1.257** 2.437*** 0.801 2.439*** 
(DKA)  (0.521)  (0.543) (0.803) (0.560) (0.802) 
Knowledge distance   -0.454** -0.307 -0.176 -1.257*** -1.331*** 
(KD)   (0.228) (0.238) (0.248) (0.372) (0.352) 
Stock - divers     -0.006*  -0.009*** 
     (0.003)  (0.003) 
Stock - distance      0.009*** 0.011*** 
      (0.003) (0.002) 
Controls        
Knowledge stock 0.001*** 0.001*** 0.001*** 0.001*** 0.002*** 0.008*** 0.010*** 
 (0.000) (0.000) (0.000) (0.000) (0.001) (0.002) (0.002) 
Amount of 
collaborations 

-0.006** -0.005** -0.005** -0.004* -0.003 -0.005** -0.004 
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

Collaboration 
partners 

0.044*** 0.040*** 0.040*** 0.037*** 0.037*** 0.039*** 0.039*** 
(0.009) (0.009) (0.009) (0.009) (0.009) (0.009) (0.009) 

Firm R&D (ln) 0.176*** 0.144** 0.142** 0.128** 0.144** 0.118** 0.145*** 
 (0.061) (0.059) (0.058) (0.057) (0.058) (0.057) (0.055) 
University R&D (ln) 0.017 0.016 0.017 0.016 0.014 0.017 0.016 
 (0.016) (0.016) (0.016) (0.015) (0.015) (0.015) (0.015) 
Wdistance Firm R&D 
(ln) 

-0.189** -0.148* -0.186** -0.150* -0.153* -0.120 -0.118 
(0.084) (0.083) (0.082) (0.082) (0.082) (0.082) (0.081) 

Wdistance Univ. R&D 
(ln) 

0.114** 0.108* 0.109** 0.106* 0.106* 0.072 0.059 
(0.055) (0.056) (0.055) (0.056) (0.056) (0.055) (0.054) 

Manu./serv. ratio -0.322* -0.213 -0.262 -0.189 -0.268 -0.228 -0.382** 
 (0.194) (0.197) (0.197) (0.198) (0.201) (0.198) (0.189) 
Share of tert. educ. 13.182*** 13.004*** 11.520*** 11.943*** 11.238*** 11.461*** 10.170*** 
 (2.227) (2.177) (2.318) (2.294) (2.309) (2.274) (2.217) Average firm size 0.089*** 0.089*** 0.086*** 0.087*** 0.078*** 0.079*** 0.059** 
 (0.029) (0.028) (0.029) (0.028) (0.029) (0.028) (0.028) 
Specialization index -0.766** -0.699** -0.727** -0.672** -0.668** -0.267 -0.170 
 (0.309) (0.306) (0.301) (0.301) (0.298) (0.317) (0.312) 
Constant -2.106* -2.362** -1.806 -2.172* -2.186* -2.700** -2.794*** 
 (1.232) (1.183) (1.150) (1.142) (1.139) (1.148) (1.071) 
Zero-inflated part        
Knowledge stock -0.143*** -0.141*** -0.144*** -0.142*** -0.143*** -0.147*** -0.223* 
 (0.044) (0.045) (0.047) (0.046) (0.048) (0.055) (0.130) 
University R&D (ln) -0.277* -0.264* -0.236 -0.242 -0.256 -0.220 -0.007 
 (0.148) (0.159) (0.151) (0.156) (0.166) (0.207) (0.290) 
Firm R&D (ln) 0.260 0.146 0.085 0.068 0.103 0.039 0.417 
 (0.465) (0.439) (0.384) (0.382) (0.413) (0.491) (0.943) 
Manu./serv. ratio 0.977 1.335 1.507 1.605 1.509 1.895 0.177 
 (1.450) (1.532) (1.490) (1.502) (1.557) (1.916) (2.225) 
Share of tert. educ. -10.502 -15.978 -23.315 -23.079 -25.404 -38.079 -153.585 
 (26.513) (29.700) (28.557) (29.590) (32.163) (43.936) (152.608) 
Average firm size 0.454* 0.449* 0.434* 0.439* 0.456* 0.471 0.195 
 (0.246) (0.255) (0.252) (0.258) (0.272) (0.333) (0.416) 
Specialization index -3.091 -2.915 -2.584 -2.628 -2.552 -1.697 5.214 
 (2.692) (2.781) (2.751) (2.802) (2.849) (3.585) (7.110) 
Constant -1.170 -0.249 0.474 0.485 0.056 -0.157 0.167 
 (5.822) (5.715) (5.186) (5.194) (5.528) (6.666) (14.747) 
Fit statistics        
Dispersion parameter 
(ln) 

-2.747*** -2.853*** -2.671*** -2.813*** -2.900*** -2.868*** -3.084*** 
(0.651) (0.692) (0.605) (0.667) (0.714) (0.674) (0.815) 

LR chi2 256*** 263.26*** 259.89*** 264.91*** 268.50*** 275.97*** 283.89*** 
Likelihood-ratio test 
(alpha=0) 

3.57** 3.04** 4.25** 3.37** 2.85** 3.28** 2.07* 
Vuong-satistics 3.71*** 3.67*** 3.63*** 3.60*** 3.42*** 2.83*** 2.94*** 
Notes: 412 Observations (198 Non zero and 214 zero). * p<0.1; ** p<0.05; *** p<0.01  

TABLE 9.2: ZINB Regresison Models
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Model 1 is the base model, including all control variables. In
line with previous findings (Zucker et al., 2007), regional knowledge
stock has a significant positive effect on regional knowledge produc-
tion of nanotechnology. Furthermore, we control for the scope of col-
laboration between industry and academia. We include the number
of inter-regional collaborations between industry and academia. The
effect is significantly negative in almost all models. We then include
the number of regions that the focal region collaborates with as mea-
sure for the breadth of academic knowledge that is made available
to industry in the focal region. The respective effect is highly signifi-
cant and positive in all model specifications. Apparently the number
of collaboration partners is a more robust measure for successful col-
laboration compared to the total number of collaborations.

The KPF’s main input, namely firm R&D expenditures, is pos-
itive and significant over all models. Local university R&D is not
significant in our analysis, contrary to previous research (Grimpe
and Patuelli, 2011). R&D expenditures from nearby regions show
significant effects with opposite signs for university and industry
R&D: spatially lagged firm R&D expenditures negatively affect re-
gional knowledge production in nanotechnology. This is surprising
but might be explained by specialization effects of regions at the cost
of nearby regions. University R&D expenditures from nearby re-
gions positively affect regional knowledge, we can confirm findings
from previous literature on spatial spillovers (Audretsch and Feld-
man, 1996, Grimpe and Patuelli, 2011).

The ratio of manufacturing to service employees is only signifi-
cant in some models. The share of tertiary educated people in the
total workforce as well as the average firm size of a region have sig-
nificant positive effects on regional knowledge production of nan-
otechnology. Regional specialization negatively affects knowledge
outputs, indicating that nanotechnology benefits from broader access
to knowledge. This is in line with the argument that nanotechnol-
ogy is a ‘General Purpose Technology’ with potential for application
across a variety of industrial sectors (Youtie, Iacopetta, and Graham,
2008; Grimpe and Patuelli, 2011).

Model 2 includes our knowledge diversity measure to test our
first hypothesis. The effect of our variable "knowledge diversity" has
a significant positive effect and thus supports Hypothesis 1: diversity
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of the academic knowledge that a focal region’s industry can access
through collaboration has a positive effect on nanotechnology patent
production. Model 3 tests the effect of knowledge distance, again we
find a positive and significant effect. However, when testing both
measures in Model 4, only the diversity measure remains significant.
Thus we find only weak evidence in support of Hypothesis 2, that a
focal region’s industrial knowledge production is negatively affected
by the knowledge distance to collaborating universities.

In Model 5 we add a term for the interaction of knowledge
diversity and existing knowledge stocks. The effect is significant and
negative, lending support for Hypothesis 3a: regional knowledge
stocks negatively moderate the effect of access to diverse knowledge
through collaboration on focal region’s knowledge production in
nanotechnology. Furthermore, we find a significant positive effect
for the interaction of knowledge stocks and knowledge distance in
Model 6. This supports Hypothesis 3b, regional knowledge stocks
positively moderate the effect of distant knowledge accessible
through collaboration on focal region’s knowledge production. Both
effects hold when combined in Model 7.

Thus we show that industry’s regional knowledge production
output can increase when industry gains access to diverse scientific
knowledge via firm-university collaborations. Furthermore, firms’
access to distant scientific knowledge has a weak negative effect on
regional knowledge production in the domain of nanotechnology.
This also implies that a higher similarity (a lower distance) of ac-
cessed scientific knowledge eases its adoption by industry. When
analyzing the moderating effect of regional knowledge stocks on our
two focal variables, we find opposing signs. On the one hand, access
to diverse scientific knowledge is preferable for firms from regions
with relatively low knowledge stocks. On the other hand, for firms
with relatively high regional knowledge stocks it is easier to absorb
distant scientific knowledge.

9.5 Conclusion

Earlier empirical research focused on collaboration network struc-
tures and their effects on regional knowledge production. In addi-
tion to the structural perspective, additional information is required
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to explain the mechanisms underlying the benefits actors stand to
gain from networks (Ter Wal et al., 2016). We therefore extend this re-
search with two new measures for knowledge similarity and knowl-
edge diversity, enabling a look at the underlying mechanisms that
drive the effect of collaboration on regional knowledge production.

We find that access to diverse scientific knowledge through col-
laboration with academia can boost a region’s output in nanotechnol-
ogy patents. We also find some evidence that scientific knowledge
that is not too distant to the region’s industrial knowledge stocks is
easier to absorb.

Zucker et al. (2007) show that the knowledge base of a region
has a positive effect on regional knowledge production in the field of
nanotechnology. We confirm this finding and extend this research by
showing a negative moderating effect of prior regional basic knowl-
edge on the relationship between regional knowledge production in
nanotechnology and access to diverse scientific knowledge via firm-
university collaboration. Furthermore, regional knowledge stocks
have a positive moderating effect on access to distant knowledge via
firm-university collaboration.

9.5.1 Theoretical implications

Apart from having managerial implications, our findings have im-
plications for research on innovation processes, policy research as
well as network studies. Firstly, we extend research on university-
firm collaborations and its conditions. Even though a broad litera-
ture analyzes the effects of university-firm collaboration on regional
knowledge production, some aspects have so far been neglected. In
articles which concentrate on collaboration effects, mainly collabora-
tion network characteristics have been analyzed so far (Guan, Zhang,
and Yan, 2015). We extend this research by analyzing characteris-
tics of network actors, particularly their knowledge characteristics.
We differentiate between different types of knowledge that can be
accessed through collaboration. We show a positive effect of ac-
cess to diverse knowledge and a negative effect of distant knowl-
edge. Thus a firm’s regional knowledge production might benefit
the most from collaborations with universities that have access to a
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variety of knowledge that is still largely similar to the receiving ac-
tors’ knowledge. This implies a trade-off between the variety and
similarity of accessed knowledge as it is likely that variety cannot be
increased without also ultimately affecting the similarity of knowl-
edge. The positive effect of knowledge similarity on knowledge pro-
duction (which could also be regarded as a negative effect of distant
knowledge) mirrors similar findings in the literature on knowledge
distance. According to Nooteboom et al. (2007), knowledge distance
has a non-linear, inverted U-shape effect on performance. That is,
knowledge that is either very distant or very similar tends to have a
worse effect than knowledge at an intermediate distance. Since we
measure knowledge distance as distance between scientific publica-
tions and industrial patents, we can expect that even results with a
relatively high similarity reflect a certain distance between these dis-
similar domains. This would suggest that the distance measure we
use eclipses the range of extremely similar knowledge that leads to
worse results according to literature.

Secondly, we extend prior research on the effects of regional
knowledge stocks on the relationship between collaboration
network characteristics and industrial knowledge production.
Although we confirm previous findings of regional knowledge
stock positively affecting regional knowledge production of
nanotechnology (Zucker et al., 2007), we also find that knowledge
stocks can negatively moderate the positive basic effect of
collaborating universities’ regional knowledge diversity on the
focal region’s knowledge production in nanotechnology. This
suggests that access to diverse scientific knowledge is generally
advantageous, but regions with a relatively low knowledge stock
benefit more from these collaborations. Furthermore, industrial
regional knowledge stocks positively moderate the negative basic
effect of access to distant scientific knowledge. So regions with
sufficient knowledge stocks may indicate higher absorptive capacity
which enables firms to successfully absorb more distant knowledge.

Overall these insights into knowledge access, and especially char-
acteristics of the accessed knowledge may trigger additional research
on how the success of collaboration between industry and academia
depends on characteristics of both partners.
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9.5.2 Practical implications

Our findings suggest that benefits of collaboration networks do not
solely depend on the collaboration network’s structural perspective.
In addition, firm’s access to content-related characteristics of knowl-
edge also defines the collaboration network’s value. Particularly, het-
erogeneous knowledge as well as knowledge distance of collabora-
tion partners defines a collaboration networks value for knowledge
production. While access to diverse scientific knowledge positively
affects regional knowledge production in nanotechnology, the dis-
tance to knowledge has a negative effect. Thus, similar scientific
knowledge is easier to absorb. Furthermore, regional prior knowl-
edge base negatively moderates the effect of diversity and positively
moderates the effects of distant knowledge on regional knowledge
production in the field of nanotechnology.

Policy makers could use these insights to foster collaborations be-
tween firms with heterogeneous universities, i.e. universities that are
characterized by high diversity in their scientific knowledge stocks,
for example by considering knowledge heterogeneity when assess-
ing universities for funding or grants or by encouraging individual
scientists to educate themselves in topics and domains that are not
part of a faculty’s portfolio. Furthermore, firms should seek collabo-
rations with universities from regions that provide scientific knowl-
edge that is not too distant to avoid issues with the absorption of
knowledge. Therefore, policy that supports firms in identifying suit-
able cooperation partners that are not co-located should enable firms
to improve their knowledge production processes. Policy should
take into account the (dis-)similarity of the respective knowledge
stocks in order to to provide intensives to cooperative efforts that
are more likely to be successful. This would likely require an ex-
tensive database of past publications and suitable machine learning
algorithms to automatically compare the knowledge stocks of col-
laboration partners. However, initially simply requesting partners
to list their specialties and domains and to provide an overview over
past research activities may be sufficient for a rough manual assess-
ment.

Findings with respect to the effect of knowledge stocks show
that regions where firms have relatively lower knowledge stocks
are more successful in absorbing diverse scientific knowledge,
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which suggests a diminishing return of collaboration with partners
that offer access to diverse knowledge stocks. The underlying
mechanism to this observation is likely the specialization that
regions with large knowledge stocks undergo. This specialization
may indicate that further advances in mature technological fields
require equally specialized knowledge. However, large knowledge
stocks enable firms to more successfully absorb distant knowledge,
which aligns with findings from research on absorptive capacity.
Further research may explore which incentives (e.g. exhibitions to
generate contacts and thus collaborations between selected actors
or monetary incentives in the form of funding bonuses for the
‘right’ collaborations) could foster overall knowledge production.
Concluding, policy makers should consider collaborations of firms
in regions that possess a lower knowledge stock with universities
from regions that have access to diverse scientific knowledge. Firms
from regions with relatively high knowledge stocks may benefit
more from collaborations with universities that provide access to
distant knowledge. These strategies could increase overall regional
knowledge production.

9.5.3 Limitations and future research

This article has a number of limitations: the data for this chapter
are sampled from the area of nanotechnology; the generalization of
our conclusion to other types of knowledge, especially as regards
the effect of distance and diversity, may prove an interesting field for
future research. One drawback of this study is the data structure.
In comparison to our cross-sectional data, panel data could enable a
better estimation of time-dependent effects associated with the find-
ings of our study. The focus of this study is German regional knowl-
edge production of nanotechnology patents, so further research is
required to generalize the findings to other countries and take into
account the characteristics of collaboration spanning national bor-
ders.
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Chapter 10

Conclusion

The final chapter of this thesis briefly summarizes the findings of the
studies discussed earlier. Advances and limitations are discussed
with regard to both theory (i.e. new findings, relative to old findings
and issues with the experimental setup) and methodology (imple-
mentation of new methods, their usefulness and potential issues).
Finally, recommendations for future research are given.

10.1 Advances and limitations: theory of

knowledge transfers

This thesis presented research into three mechanisms for the transfer
of knowledge from academia to industry: academic patents, collabo-
rative research and broadcast search. Special attention was given to
the role of various types of distances in enabling or preventing suc-
cessful knowledge transfer: institutional distance, which indicates a
difference in organizational culture, knowledge distance, which rep-
resents the difference between information from or within various
domains and geographic distance, which is simply the spatial dis-
tance between actors. Our studies reveal that these distances affect
the various transfer channels differently.

10.1.1 Institutional distance

The study on academic patenting shows that organizational culture,
expressed in traditions that affect the working activities of scientists,
influence the propensity of scientists to engage in efforts to com-
mercialize their research. This type of distance may vary over time,
with more recent generations of researchers being less affected by
traditional norms of science and thus more open to the concept of
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research commercialization. The study investigated to what extent
researchers exhibit an attitude towards patenting and how this atti-
tude is influenced by the incentives that are commonly used to in-
crease academia’s patent output. Our main finding indicates that the
cultural distance between traditional scientific norms and the norms
that are typical in the context of intellectual knowledge protection
(which is mostly associated with industry) need to be taken into ac-
count when designing effective incentives. While monetary incen-
tives are effective, fostering a culture at faculty level that encour-
ages patenting may complement existing incentives. While we could
identify an entrepreneurial attitude in scientists, a taste for patents,
that is conducive to patenting activities, we did not find the negative
effects that previous research was able to demonstrate when mon-
etary incentives are applied to intrinsically motivated individuals.
However, this may be a result of the experimental setup, which con-
fronted individuals with hypothetical scenarios and did not consider
motivational effects over time as is usually the case with studies that
investigate crowding-out effects.

Institutional distance also seemed to affect actors in the context
of our second study: when researching the effectiveness of broad-
cast search as transfer channel we found that individuals with prior
experience in similar crowd-sourcing initiatives were more likely to
participate. The unfamiliarity with a concept represents a barrier that
can be overcome with experience. In this case it is easy to see the sim-
ilarity or overlap between institutional and knowledge distance: it
appears that more knowledge about an unfamiliar institutional con-
text builds trust.

In the context of our final studies, which mostly studied spa-
tial distance, the institutional distance turned from a barrier into
an enabler: we found several indications that the distance between
academia and industry and the distance between individual organi-
zations in these fields contributes to the effectiveness of collabora-
tion.

While the theoretical background with regard to cultural and
organizational distances is fairly well explored, our studies have
shown that it is possible to quantify these concept to some degree
and thus research its importance in various contexts. Still, since
this type of distance exits mostly in the heads of individuals a
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precise measurement is not easy and represents a limitation to
our studies. Our way of thinking about these distances is rather
abstract and often we can only find indirect representations instead
of real distance measures. It is possible that future research may
leverage insights from the field of neuroscience to define better
measures which should enable more detailed insights into the role
of institutional distance in knowledge transfers.

10.1.2 Knowledge distance

Knowledge distance was the focus of our study on broadcast search,
an alternative to the traditional transfer channels explored with data
collected from real platforms and analyzed using state of the art text
processing algorithms. Building on prior research regarding the opti-
mal knowledge distance for the purpose of generating high perform-
ing innovations we research the participation likelihood as function
of knowledge distance. We can thus describe a trade-off between the
increase in novelty of solutions when more distant knowledge is ap-
plied and the lower participation likelihood for individuals who are
unfamiliar with a subject. This result is relevant for the effectiveness
of crowd-sourcing as transfer channel. A plausible interpretation of
the results would be that with an increase in knowledge distance the
number of possible combinations of individual knowledge items in-
creases to the point where it is difficult for individuals to process.
However, the larger pool of possible combinations also increases the
likelihood that an individual will, by chance, identify a suitable ap-
plication of own knowledge to a distant subject. Out study finds that
scientists can be grouped into different types that react differently to
incentives. The implication for knowledge transfer is to try to filter
potential participants by type and knowledge in order to apply avail-
able incentives to a target group that may be more promising. Addi-
tional research is required to clarify what characteristics indicate to
which group a researcher will belong. It is likely that findings with
regard to institutional context will play a role, i.e. researchers trained
in an environment that stresses traditional scientific norms may be
opposed to crowdsourcing platforms similar to how they are less
likely to patent. In this case a policy that rewards scientists for ex-
perimenting with innovation platforms may build some initial trust
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that is likely required before the monetary incentives take effect. Ad-
ditionally, alternative incentives applied in the context of academic
patenting, such as recognition of participation as of similar impor-
tance as publications may prove beneficial. We also found a strong
role of knowledge distance in the context of research cooperations
that span regional boundaries. Using similar text processing algo-
rithms to those applied in the context of broadcast search, we were
able to build measures for knowledge heterogeneity that explain the
positive effects of research collaboration over longer distances.

10.1.3 Geographic distance

The role of spatial distance in knowledge transfers has been recog-
nized by previous research. We contribute to this field by taking
a closer look at characteristics of collaboration partners which ex-
plain the effects of spatial distance on knowledge production. In two
studies we control for spatial effects and investigate several variables
of collaboration between academia and industry identified through
an analysis of publication networks. We find that the relation be-
tween the actors, i.e. the frequency with which they cooperate, the
knowledge stocks they possess and the number of different actors
they cooperate with affect regional knowledge production. Since
the breadth, i.e. the number of partners, emerges as best explana-
tory variable we focus our attention in a second study on knowl-
edge diversity and knowledge distance in an attempt to better un-
derstand regional knowledge production. We find that diversity,
i.e. the knowledge heterogeneity of collaboration partners, seems
to be conducive to successful cooperation. We use natural language
processing techniques similar to those applied in previous studies
to derive quantifiable distance measures which constitute the build-
ing blocks for our diversity measure. Our findings imply that pol-
icy makers may want use similar techniques when deciding over re-
search grants in order to identify promising combinations of research
partners. However, our study is limited by the sparsity of available
data. Generating useful datasets is time-intensive even when lim-
iting that analysis to one country. A broader coverage is currently
difficult without sacrificing some of the regional resolutions; avail-
able datasets that cover more than one country typically have states
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instead of counties as regional units. In summary, we find that ge-
ographic distance is merely an abstract measure for more complex
interactions that are best explained by investigating the characteris-
tics of cooperating actors. More research is required to control for
institutional factors that are easily neglected in a field that focuses
on regional characteristics.

10.2 Advances and limitations: methodolog-

ical

This thesis made use of some proven methodological tools such as
discrete choice experiments, logistic regression and co-citation anal-
ysis. Starting with bibliometric analysis, methods from the field of
computer science, in particular machine learning, were introduced.
It could be shown that, in light of steadily increasing publication
numbers, there is value in approaches that automatically process
large amounts of scientific data. Certainly there is considerable room
for improvement in this regard. While this thesis started out with es-
tablished methods to find structures in scientific publications, there
exist numerous clustering algorithms in the field of computer science
that may yield more accurate results. Some of the short-comings of
the established methods, such as mostly being applicable to publi-
cations that have received many citations, i.e. mostly older publica-
tions, could be mitigated by developing new keywords using word
frequency-based metrics. A supervised classification method was
demonstrated successfully; while the accuracy obtained still leaves
room for improvement, the method showcases how collaborative ef-
forts by scientists who may provide training data can quickly yield
immensely useful data on the structure of a scientific discipline. The
applications go beyond mere literature reviews, as the basic meta-
science study discussed in Chapter 5 shows.

This thesis shows how machine learning algorithms can be ap-
plied in the field of economics. They enable researchers to use data
that has hitherto not been exploited. As a result new variables can be
defined and incorporated into regression analyses. The most promi-
nent example in this thesis is the knowledge distance variable that is
used to measure the distance between the knowledge stocks of two



174 Chapter 10. Conclusion

actors by applying topic modeling algorithms to patent and publica-
tions.

Since the measure has been used in most of the presented studies,
it deserves some additional discussion, particularly on its validity
and therewith its value. The accuracy of a topic model is often mea-
sured using the perplexity measure, which is related to a log likeli-
hood relative to the number of words in a corpus. The perplexity de-
pends on the data, the algorithm implementation (mostly due to dif-
ferent Markhov-Chain-Monte-Carlo methods being used in different
implementations to estimate the posterior distribution of the model)
and several algorithm parameters (most importantly, the number of
topics). Several implementations and parameter combinations were
tested to obtain reasonable perplexity estimates for the given data.
However, perplexity is an imperfect measure when using a topic
model in such a specific way. Even if it could be assumed that per-
plexity is sufficient, there are still subsequent transformations with
impact on measure performance: distances are calculated using the
cosine similarity metric. However, this metric is in itself sensitive to
the number of topics specified for the model. While more topics are
generally associated with lower (i.e. better) perplexity, a higher di-
mensionality also reduces the specificity of the cosine distance metric
(just one of the set of problems commonly referred to as the "curse of
dimensionality").

A possible solution to these issues appeared when conducting the
study reported in chapter 7: as part of the discrete choice experi-
ment respondents were asked to report their perceived distance to
the shown RfP. While self-reported measures come with their own
issues, these data points represented a sort of ground truth against
which the knowledge distance measure could be tested. Due to the
computational complexity involved in estimated topic models for
large data sets, several models were estimated in parallel using dis-
tributed computing technologies. This enabled us to test a space of
parameters and conduct the subsequent distance calculations in a
reasonable time frame. Hence the effect of model input parameters
on the correlation between self-reported and measured knowledge
distance could be tested. The highest achieved correlation was 0.4.1

1These results came with a failry high standard deviation; the algorithms are
likely to output different results as they are usually started with random numbers.
Fixing the initial random numbers allows a better comparison of models.



10.3. Future research 175

While this correlation is sufficient for our purposes, it also shows
some of the limitations of the measure. Abstracts provide less in-
formation than full publications. One publication may be authored
by several scientists and a scientist’s knowledge is not adequately
expressed by her publications only. Given better data (full publica-
tions, ideally single-authored and recent) should allow for consider-
able improvements in the measure’s validity.

A less obvious but equally important advantage of the methodol-
ogy chosen is that it builds skills which are applicable to data prepa-
ration and project management. Automating these aspects of re-
search enables faster data collection, better data quality and a higher
robustness towards errors.

10.3 Future research

Future research may benefit from methods for automatic literature
processing described above. These methods are also likely to be use-
ful for research in the science of sciences context. With ever increas-
ing numbers of publications traditional methods for identification of
important publications are unlikely to be suitable. Automatic text
processing will enable to researchers to gain an understanding not
only of a fraction of their own fields but also of adjacent fields, en-
abling researchers to combine disconnected knowledge sources. Fur-
thermore, since the validation of research is likely to take on a more
important role it will be useful to quickly identify studies that have
the same or a similar focus.

Experiments on commercialization of academic knowledge using
innovation platforms may be in the interest of platform owners as
well as governmental entities: this represents an opportunity to let
the free market do some of the work that publicly funded institu-
tions such as patent offices sometimes struggle to accomplish. These
experiments would represent a rich data source for validation and
extension of the findings presented here.

Research into academic patenting is hampered by a lack of data
regarding individuals and companies that file patents. It is proba-
ble that the application of machine learning methods to large scale
datasets may mitigate this problem to some extent. Combining data
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from patent databases and social media may yield interesting in-
sights.

As for regional knowledge production, future research may at-
tempt to generalize some of the findings presented here by using
more exhaustive datasets that cover regions across Europe or across
continents in order to control for effects of collaborations over very
long distances. Unfortunately it is difficult to obtain the correspond-
ing data at this time due to a lack of coordination between national
statistical authorities. Likewise, data quality could be improved with
regard to patent and publication data: by using full texts instead of
abstracts, the usefulness of distance measures may be increased.

From a methodological point of view it is important to consider
the limitations of complex statistical models applied to relatively
small datasets. Future research will need to focus on validation of
results instead of new findings that may turn out to be spurious.
Advances in machine learning may be incorporated in validation
studies as the methods used in this work are likely to be replaced
with more precise and reliable algorithms. To complement machine
learning methods more exhaustive datasets will be required.

Similar methodologies are likely to be prove useful also in adja-
cent research fields. A substantial part of human knowledge is cod-
ified in texts. As our ability to process large amounts of texts au-
tomatically keeps improving researchers will be able to derive new
quantifiable measures in contexts where we were so far limited by
relatively crude items that are often subjective or limited in scope.
However, in order to leverage large amounts of text data scientists
will require training in data processing and machine learning. Unfor-
tunately, these skills are not typically taught or regarded as valuable
in the field of social sciences. Also, the access to the necessary data
and hardware can be expensive, which is a particular issue for fac-
ulties with limited budgets. The necessary resources are available in
various multinational companies. Hence research collaboration with
industry may in the future not only serve the commercialization of
academic knowledge but also contribute to basic research findings
by making resources and skills available to academia.
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Appendix

Journal 
Publications per 

Journal 
 Cumulated Publications per 

Journal 
 amount percent  amount percent 

Journal of Business Venturing* 637 4.08%  637 4.08% 
Small Business Economics* 517 7.40%  1154 3.31% 
Entrepreneurship Theory and Practice* 305 9.35%  1459 1.96% 
Entrepreneurship and Regional Development* 251 10.96%  1710 1.61% 
Journal of Small Business Management* 220 12.37%  1930 1.41% 
Technovation* 198 13.64%  2128 1.27% 
Research Policy* 190 14.86%  2318 1.22% 
International Small Business Journal* 185 16.05%  2503 1.19% 
Journal of Business Ethics* 133 16.90%  2636 0.85% 
International Entrepreneurship and Management Journal 125 17.70%  2761 0.80% 
Journal of Business Research* 125 18.50%  2886 0.80% 
Strategic Entrepreneurship Journal 116 19.25%  3002 0.74% 
Forbes 115 19.98%  3117 0.74% 
Harvard Business Review 111 20.69%  3228 0.71% 
Strategic Management Journal* 108 21.39%  3336 0.69% 
Regional Studies* 101 22.03%  3437 0.65% 
African Journal of Business Management 95 22.64%  3532 0.61% 
International Journal of Technology Management 95 23.25%  3627 0.61% 
Journal of Management Studies* 90 23.83%  3717 0.58% 
Journal of Technology Transfer 87 24.39%  3804 0.56% 
Organization Studies* 83 24.92%  3887 0.53% 
Organization Science* 78 25.42%  3965 0.50% 
Management Decision 77 25.91%  4042 0.49% 
European Planning Studies* 76 26.40%  4118 0.49% 
World Development 76 26.89%  4194 0.49% 
Environment and Planning C-Government and Policy 73 27.36%  4267 0.47% 
Business History* 69 27.80%  4336 0.44% 
International Business Review 68 28.23%  4404 0.44% 
Urban Studies* 68 28.67%  4472 0.44% 
Academy of Management Journal* 67 29.10%  4539 0.43% 
Service Industries Journal 67 29.53%  4606 0.43% 
Journal of Economic Behavior and Organization 65 29.95%  4671 0.42% 
Management Science* 64 30.36%  4735 0.41% 
Business History Review* 61 30.75%  4796 0.39% 
International Journal of Urban and Regional Research* 61 31.14%  4857 0.39% 
Journal of Management* 61 31.53%  4918 0.39% 
Economic Development Quarterly* 60 31.91%  4978 0.38% 
Industrial and Corporate Change 60 32.30%  5038 0.38% 
Journal of World Business 60 32.68%  5098 0.38% 
R and D Management 58 33.06%  5156 0.37% 
Journal of International Business Studies* 57 33.42%  5213 0.37% 
Journal of Product Innovation Management 57 33.79%  5270 0.37% 
Journal of Evolutionary Economics* 55 34.14%  5325 0.35%  

TABLE A1: Top Journals by Published Articles
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Subject Category Allocation 
Business & Economics 309 
Public Administration 28 
Sociology 14 
Psychology 10 
Operations Research & Management Science 10 
Engineering 8 
Environmental Sciences & Ecology 6 
Geography 6 
Social Sciences - Other Topics 5 
Demography 4 
Government & Law 2 
Communication 2 
Science & Technology - Other Topics 1 
Computer Science 1 
Information Science & Library Science 1 
Ethnic Studies 1 
Women's Studies 1 

Note: Due multiple allocations of an article to a Subject Category, the sum of all allocations is 
higher than the sample size of 335. 

TABLE A2: WOS Subject Categories



Appendix 179

Article 
# Citations  Rank  Article 

# Citations  Rank 
Total 

Per 
Year Total 

Per 
Year Total 

Per 
Year Total 

Per 
Year 

Uzzi (1997) 2104 123.76 1 1 Miller and Friesen (1982) 455 14.22 21 39 
Shane and 
Venkataraman (2000) 1578 112.71 2 2 Busenitz and Barney (1997) 447 26.29 22 22 
Deshpande, Farley, 
and Webster (1993) 808 38.48 3 8 Sarasvathy (2001) 439 33.77 23 12 
Shane (2000) 805 57.50 4 3 

Stevenson and Jarillo 
(1990) 427 17.79 24 34 

Harvey (1989) 803 32.12 5 15 Aghion and Bolton (1992) 399 18.14 25 33 
Larson (1992) 728 33.09 6 13 

Gimeno, Folta, Cooper, and 
Woo (1997) 390 22.94 26 27 

Aldrich and Fiol 
(1994) 694 34.70 7 10 

Cooper, Gimenogascon, 
and Woo (1994) 390 19.50 27 32 

Baumol (1990) 693 28.88 8 20 Ahuja and Lampert (2001) * 379 29.15 28 19 
Miller (1983) * 668 21.55 9 30 Nee (1992) 361 16.41 29 36 
Oviatt and 
McDougall (1994)* 657 32.85 10 14 

Hoang and Antoncic 
(2003)* 340 30.91 30 17 

Stuart, Hoang, and 
Hybels (1999) * 623 41.53 11 7 

McDougall, Shane, and 
Oviatt (1994) * 336 16.80 31 35 

Eisenhardt and 
Schoonhoven (1996) 618 34.33 12 11 Lu and Beamish (2001) * 332 25.54 32 23 
Evans and Jovanovic 
(1989) 611 24.44 13 25 

Kihlstrom and Laffont  
(1979) ** 331 9.46 33 40 

Amit and Zott (2001) 587 45.15 14 6 
Knight and Cavusgil 
(2004)* 316 31.60 34 16 

Autio, Sapienza, and 
Almeida (2000)* 515 36.79 15 9 

Cooper and Kleinschmidt 
(1995)  311 16.37 35 37 

Peng (2003) 510 46.36 16 4 
Etzkowitz, Webster, 
Gebhardt, and Terra (2000) 310 22.14 36 28 

Davidsson and Honig 
(2003) 504 45.82 17 5 Shane and Stuart (2002) 304 25.33 37 24 
Banerjee and 
Newman (1993) 484 23.05 18 26 

Kaplan and Stromberg 
(2003) * 298 27.09 38 21 

Blanchflower and 
Oswald (1998) * 478 29.88 19 18 Zahra and Covin (1995) 294 15.47 39 38 
King and Levine 
(1993) 458 21.81 20 29 

McDougall and Oviatt  
(2000) * 293 20.93 40 31 

Note: * denotes articles associated to a large cluster (macro level) and ** denotes articles associated to a small cluster (meso level)   
TABLE A3: Top 40 Articles
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Cluster Title (total cites / # of 
articles / average cites 
per article) 
( year of first 
publication - year of 
latest publication) 

Description 
tf-idf 

keywords (downstream 
articles) 

1. International 
entrepreneurship 
(6368 / 49 / 129,96) 
(1989 - 2008) 

International entrepreneurship analyses the process of startups transforming into 
internationally active companies, it is regarded as a combination of the research fields of 
entrepreneurship and international business (McDougall and Oviatt, 2000). Relevant 
aspects to the growth of such companies have been identified (Autio 2000) as well as 
factors relating to the speed (Knight and Cavusgil, 2004) and likelihood (Oviatt and 
McDougall, 1994) of internationalization. 

international 
internationalizati
on venture firm 
export (945) 

2. University-industry 
relations and 
entrepreneurship (4240 / 51 / 83,14) 
(1987 - 2009) 

This large cluster investigates the relation between university and industry. For example, 
the role of technology transfer offices in creating startups (Siegel et al., 2003) as well as 
the influence of national policies (Goldfarb and Henrekson, 2003) or individual 
characteristics of entrepreneurs with scientific background (Murray, 2004). 

university spin 
transfer 
technology 
academic (992) 

3. Venture capital policies 
and financing 
(3053 / 31 / 98,48) 
(1989 - 2006) 

The match-making between venture capitalists and entrepreneurs is an important factor in 
entrepreneurship and hence subject to intense study. Contracts may need to take into 
account varying motivations by investors and entrepreneurs (Aghion and Bolton, 1992) as 
well as moral hazard implicit to the process (Bergemann and Hege, 1998) while 
entrepreneurs have to optimize the relation between additional funds and shares sold (Hsu, 
2004). 

venture capitalist 
capital contract 
convertible (589) 
 

4. Macroecnomic/global 
and regional impact of 
entrepreneurship 
(2612 / 34 / 76,82) 
(1987 - 2008) 

The effect of entrepreneurship on economic growth is subject of research in this cluster 
(Reynolds et al., 2005). Related topics addressed in this cluster are differences between 
countries which may lead to advantages for some entrepreneurs compared to those from 
areas less conducive to entrepreneurship (Busenitz et al., 2000) or shifts from managed to 
entrepreneurial economies in developed countries (Audretsch and Thurik, 2000) 

country 
economic 
regional 
collectivism 
culture (2037) 

5. Entrepreneurship and 
liquiditiy (2202 / 8 / 275,25) 
(1989 - 2002) 

Financial assets are an important precursor to entrepreneurial activity, whether they are 
the result of inheritance or investments (Blanchflower and Oswald, 1998). A related 
aspect is the return on investment from entrepreneurship (Hamilton, 2000). 

inheritance 
liquidity self 
constraint 
employment (79) 

6. Institutional 
entrepreneurship 
(2039 / 22 / 92,68) 
(1980 - 2009) 

Institutional entrepreneurship is the focus of this cluster. Maguire et al. (2004) analyze 
institutional entrepreneurship in emerging fields, Lounsbury and Crumley (2007) develop 
a process model of new practice creation Beckert (1999) introduces the effect of strategic 
choice in this context.  Furthermore, Fligstein (1997) introduce social skill in this context. 

institutional actor 
change field 
agency (1922) 

7. Corporate 
entrepreneurship 
(1375 / 4 / 343,75) 
(1983 - 1995) 

Corporate Entrepreneurship is regarded as means to improve a company's long term 
financial performance (Zahra and Covin, 1995). Antecedents and effects are studied 
within this cluster. 

corporate 
financial 
entrepreneurship 
company 
performance 
(2337) 

8. Social entrepreneurship 
(1196 / 15 / 79,73) 
(2000 - 2009) 

Social entrepreneurship is compared to commercial entrepreneurship (Austin et al., 2006) 
to determine important differences such as special performance indicators (e.g. social 
needs) that are not covered by commercial entrepreneurship (Mair and Marti, 2006). 

social 
entrepreneurship 
civic franchise 
value (779) 

9. Entrepreneurship and 
social network analysis (1102 / 6 / 183,67) 
(2001 - 2003) 

In this cluster methods of social network analysis are applied to firm and entrepreneurial 
networks. E.g. theories on cohesive networks and networks with structural holes are 
related to firm success (Hite and Hesterly, 2001) or the evolution of personal networks 
through different phases of entrepreneurship is described (Greve and Salaff, 2003). 

network firm 
social embed 
cohesive (1029) 

10. Entrepreneurship in 
family firms 
(967 / 12 / 80,58) 
(2003 - 2007) 

Differences between family and non-family firms are the subject of research for this 
cluster (Zahra et al., 2004). Family structures influence entrepreneurship (Aldrich and 
Cliff, 2003) and family firms exhibit special characteristics (Zahra, 2003). 

family business 
firm involvement 
altruism (337) 

11. Entrepreneurial 
education and self-efficacy 
(877 / 8 / 109,63) 
(1997 - 2006) 

Self-efficacy appears to play an important role in entrepreneurship. It influences venture 
growth (Baum and Locke, 2004) and affects entrepreneurial learning (Zhao et al., 2005). 

program student 
efficacy category 
self (68) 

12. Entrepreneurial 
Intention (794 / 3 / 264,67) 
(1988 - 2000) 

This cluster distinguishes between different entrepreneurial intentions (Krueger et al., 
2000). Further, entrepreneurs and managers are distinguished by their self-efficacy (Chen 
et al., 1998). 

intention efficacy 
student model 
self (189) 

13. Immigration and 
entrepreneurship 
(708 / 9 / 78,67) 
(1985 - 1996) 

This cluster, belonging to the field of sociology, analyses self-employment among 
immigrants.  Relevant factors are, e.g., family structures (Sanders and Nee, 1996) or 
performance of small business entrepreneurs (Portes and Zhou, 1996). It appears to be 
related to the "Entrepreneurship and family firms" cluster. 

immigrant 
korean asian 
export import 
(132) 

14. Entrepreneurial 
opportunity detection and 
learning 
(666 / 10 / 66,6) 
(2005 - 2007) 

This cluster explores how entrepreneurs detect business opportunities. E.g. pattern 
recognition, i.e. the ability to apply past experience to detect business opportunities before 
others, appears to be an important determinant (Baron and Ensley, 2006). 

opportunity learn 
recognition 
pattern belief 
(274) 

15. Transition economies 
(518 / 5 / 103,6) 
(2001 - 2003) 

This cluster concentrates on transition countries, especially Russia. Johnson et al. (2002) 
analyze the effect of property right on new firms reinvestment of profits. Peng (2001) 
studies how entrepreneurs create wealth in transition economies. 

embeddedness 
transition russian 
property hostile 

TABLE A4: Cluster Overview
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(17) 
16. Personal initiative 
(416 / 3 / 138,67) 
(1996 - 2000) 

At the center of this cluster are studies that compare personal initiative in the former East 
and West Germany. The degree of control and complexity of work affects initiative, 
which can be regarded as similar to the concept of entrepreneurship (Frese et al., 1996). 

initiative reactive 
opportunistic east 
planning (8) 

17. Origin of 
entrepreneurs (412 / 5 / 82,4) 
(2003 - 2006) 

An important antecedent for entrepreneurial behavior is the social context of the 
entrepreneur. Being embedded in a start-up friendly environment (Gompers et al., 2005) 
or in high performing academic environments with corporate links (Kenney and Goe, 
2004) tends to increase the likelihood of start-ups being created. 

spawn faculty 
science property 
department (43) 

18. Cultural 
entrepreneurship in the 
US 
(365 / 3 / 121,67) 
(1982 - 1991) 

This cluster differs from the other clusters in that it encompasses papers on media and 
culture rather than economics. Papers in this cluster describe the role of individuals in 
cultural entrepreneurship, i.e. the creation of museums or operas (Dimaggio, 1982). 

boston century 
cultural america 
mediation (0) 

19. Emerging economies 
(314 / 3 / 104,67) 
(2002 - 2008) 

These articles analyze entrepreneurship in emerging economies (Bruton et al., 2008). 
Meyer and Peng (2005) concentrate on the context in Central and Eastern Europe. 
Specifically, three lines of theorizing have been advanced: organizational economics 
theories, resource-based theories and institutional theories 

theory economy 
emerge 
institution 
eastern (698) 

20. Narratives and 
presentation 
(311 / 4 / 77,75) 
(2007 - 2009) 

This cluster analyses the relation between presenting a business model and investments. 
Signaling certain capabilities to potential investors is an important aspect observed in a 
study by Zott and Huy (2007). Short et al. (2009) points out that empirical evidence in this 
area is scarce which may negatively impact the application of theoretical concepts to 
managerial practice. 

symbolic passion 
narrative action 
resource (46) 

21. Business incubators 
(307 / 5 / 61,4) 
(2002 - 2005) 

Co-production of business assistance in business incubators (Rice, 2002) and the 
effectiveness of business incubators (Colombo and Delmastro, 2002) 

incubator 
incubation 
production ntbf 
park (37) 

22. Management buyouts (259 / 4 / 64,75) 
(1992 - 2001) 

Papers in this cluster explore the effect of leveraged buyouts on companies and describes 
various types of LBOs (Wright et al., 2001). It is suggested the LBOs are beneficial to a 
company's performance and corporate entrepreneurship and does not impact negatively on 
a company's RandD efforts (Zahra, 1995). 

buyout company 
upside change 
performance (14) 

23. Entrepreneurship in 
the Public Sector 
(253 / 3 / 84,33) 
(1992 - 2000) 

Noticeable is that all three articles are published in Public Adminbistration Review. 
Articles in this cluster analyze that public entrepreneurs of the neo-managerialist 
persuasion pose a threat to democratic governance (Terry, 1998) as well  as implications 
of the reinvention movement for democratic governance and its glorification of 
entrepreneurial management (deLeon and Denhardt, 2000). 

democratic 
managerialism 
reinvention 
public civic (46) 

24. Evans-Jovanovic 
entrepreneurial choice 
model 
(233 / 3 / 77,67) 
(1998 - 2003) 

This cluster focusses on the Evans-Jovanovic entrepreneurial choice model, which states 
that the decision to become an entrepreneur can be modelled as optimization problem 
given equations for the income of wage workers and entrepreneurs. 

jovanovic evan 
distribution 
credit collateral 
(64) 

25. Habitual entrepreneurs (232 / 3 / 77,33) 
(1997 - 2003) 

This cluster analyzes effects of entrepreneurs which were involved in more than one 
venture (Wrigth et al., 1997; Westhead and Wright, 1998) 

habitual serial 
capitalist novice 
founder (32) 

26. Entrepreneurship as a 
social construct 
(216 / 3 / 72) 
(2004 - 2006) 

Steyaert and Katz (2004) consider Entrepreneurship as a societal rather than an economic 
phenomenon. Fletcher (2006) studies social constructionist thinking particularly with 
regard to opportunity formation processes. 

myth metaphor 
newspaper 
relationally sense 
(8) 

27. Cultural support for 
entrepreneurship 
(205 / 3 / 68,33) 
(2000 - 2007) 

Related to the large cluster of international entrepreneurship this cluster focusses on 
cultural factors relevant to entrepreneurship. Individual factors shown to be important for 
entrepreneurial success vary by culture (Thomas and Mueller, 2000). Social concepts such 
as shame related to failure or social status also explains entrepreneurial action (Begley and 
Tan, 2001). 

anglo cultural 
aspiration east 
Asian (1) 

28. Venture capitalist 
investment decisions 
(198 / 3 / 66) 
(1992 - 1998) 

The process underlying an investment decision is governed by variables attributable to the 
investor, such as his preference for national investments and variables describing the 
investment opportunity, such as the quality of the business idea. Papers in this cluster 
explore this relationship with methods to go beyond survey data, conjoint analyses 
(Muzyka et al., 1996) or policy capturing (Zacharakis and Meyer, 1998). 

decision 
capitalist 
conjoint criterion 
venture (161) 

29. Franchise I 
(185 / 3 / 61,67) 
(1988 - 1996) 

This cluster concentrates on entrepreneurial franchise and starting reasons. Michael (1996) 
analyses decision rights and organizational form shares. Kaufmann and Dant (1996) show 
that capital acquisition is a relevant reason for engaging in franchising and not the 
assumption that franchisees manage the outlets better than company employees would if 
the unit were company owned. 

franchise 
franchisee unit 
multi franchisor 
(52) 

30. Women and 
entrepreneurship 
(143 / 4 / 35,75) 
(1991 - 2003) 

Most cited articles in this cluster study differences between women and men 
entrepreneurs. DeMartino and Barbato (2003) explore family flexibility and wealth 
creation as career motivators and Caputo and Dolinsky (1998) analyze the role of financial 
and human capital of housholdmembers on women’s choice to pursue self-employment. 

woman child 
motivator female 
owner (200) 

31. Gender and 
entrepreneurship (143 / 3 / 47,67) 
(2001 - 2005) 

This cluster concentrates on gender diversities in Entrepreneurship. Not only differences 
and divisions between women business owners who are silent about gender issues and 
those who are not are explored (Lewis, 2006) but also formal and informal sources of 
business funding to illustrate how this concept impacts upon women in self-employment 
(Marlow and Patton, 2005). 

woman gender 
attributional 
augment female 
(368) 

32. Franchise II 
(118 / 4 / 29,5) 
(1996 - 1999) 

This whole journal is published in the Journal of Business Venturing. It analyzes business-
format franchising growth's in the U.S. (Lafontaine and Shaw, 1998) as well as survival 
patterns among franchisee and nonfranchise small firms (Bates, 1998). 

franchise 
franchisor 
franchisee unit 
establishment 
(12) 

TABLE A5: Cluster Overview, continued
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33. Entrepreneurs vs. 
Managers 
(112 / 3 / 37,33) 
(1987 - 1990) 

This cluster analyzes differences between Entrepreneurs and Managers in small business 
firms (Begley and Boyd, 1987) and in their motivational paterns (Miner, 1990). 

technologically 
motivational 
manager task 
growth (13) 

34. Alliances and Jount 
Ventures (111 / 3 / 37) 
(1994 - 1999) 

Market valuation of joint ventures in terms of Joint venture characteristics and wealth 
gains (Park and Kim, 1997) as well as opportunistic action within research alliances 
(Deeds and Hill, 1999) are studies in this cluster. 

joint partner 
alliance venture 
corporate (100) 

35. Entrepreneurs in 
organizations 
(100 / 3 / 33,33) 
(1986 - 1997) 

Articles located in this cluster analyze implications for organizations' structures and their 
Human-Resouce Mangement Practices to foster and facilitate entrepreneurship (Schuler, 
1986) and effects of managers' entrepreneurial behavior on subordinates (Pearce et al., 
1997). 

manager 
subordinate 
behavior 
satisfaction 
corporate (89)  

TABLE A6: Cluster Overview, continued
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