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Abstract We analyze transfer channels of radical
innovations launched by small and medium-sized
firms (SMEs) using an ego network approach. Based
on a unique longitudinal dataset covering the obser-
vation period 1996–2016, we identify and trace back
radical innovations of SMEs in German Biotech in
order to analyze the extent to which SMEs
themselves—or eventually also other organizations
in their direct cooperation surrounding—benefit
from radical innovations in terms of subsequent
innovation performance. Results from negative bi-
nomial panel regressions indicate that direct cooper-
ation partners of radical innovators show higher
innovative performance than partners of the control
group, i.e., statistical twin firms without radical in-
novations. Our results confirm that radical innova-
tions initiate a positive impulse for innovation
through direct cooperative relationships. Interesting-
ly, geographical proximity does not play a role, and
especially technologically different partners benefit
from direct cooperation with radical innovators.

Plain English Summary Radical innovations are rare
but have a great importance for the economy. Our study
shows that not only radically innovating biotech SMEs
themselves but also various types of directly linked coop-
eration partners benefit significantly. We investigate
whether directly linked cooperation partners of radically
innovating firms benefit from knowledge spillover trans-
ferred through formal cooperation. A radical innovation
represents a novel and often complex combination of
already existing knowledge. Thus, knowledge transfer
process differs for radical and non-radical innovations.
Project-based formal cooperation can support the transfer
of radical knowledge. In this context geographical and
technological factorsmatter. Using the example ofGerman
small and medium-sized biotechnology firms, we show
that collaboration with radical firms is positively related to
innovation performance of directly linked project partners.
Interestingly, this effect is higher for partners located in
other regions aswell as for technologically distant partners.
Our study extends the research on knowledge transfer by
emphasizing the role of formal collaboration projects,
especially in knowledge intensive high-tech industries.
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1 Introduction

Radical innovations are of key importance from an
economic point of view since they bear the potential to
trigger the emergence of entirely new technological
trends, cause far-reaching structural change, and fuel
economic prosperity. The ability of firms to create nov-
elty in terms of innovation is considered to be a neces-
sary prerequisite for gaining a sustainable competitive
advantage and keeping pace with competitors. Firms
typically follow unique innovation strategies to cope
with high levels of ambiguity and complexity, particu-
larly prevalent in knowledge intensive technological
fields such as biotechnology.

In this paper we turn our attention to the innovation
activities of biotechnology-focused small and medium-
sized enterprises (SMEs)1 involved in the application of
biotechnology techniques for the production of goods or
services, and actively involved in research and develop-
ment (R&D). These types of firms are typically referred
to as dedicated biotech firms (DBFs) (OECD 2005).
DBFs have highly specialized business models that are
typically reflected in a very unique resource and knowl-
edge endowment, and their R&D activities often carry
high risks. Accordingly, entry and exit dynamics, as well
as the chance of discovering entirely new methods and
applications in terms of products and services, are cer-
tainly overrepresented among DBFs. The research inten-
sity, the focus on narrow market niches, as well as the
high agility and risk affinity of DBFs, can be seen not
only in a high innovation intensity (e.g., Dalpé 2002;
Nesta and Dibiaggio 2003), but also in the degree of
novelty of the patents generated by these firms. At the
same time, we know from previous research (Baum et al.
2000) that entrepreneurial ventures can initially profit
from collaborating with the ‘right’ partners.2 This means
that the kind of network composition is crucially impor-
tant for successful collaboration. However, it is usually
only the radical inventor’s performance that is discussed
(e.g., Katila 2000), even though their radical innovation
has the potential to affect other actors and/or change the
technological landscape in a fundamental way (Dahlin

and Behrens 2005). Therefore, we choose to focus on the
collaborative nature of DBFs’ radical innovations and the
impact of this collaboration on the innovation perfor-
mance of directly linked cooperation partners.

By definition, radical innovations differ significantly
from ordinary patent applications, particularly in terms of
combinatory complexity. It is still anything but clear if
these innovations benefit only the radical innovator, or if
follow-up innovations in the closer cooperation environ-
ment are also triggered. We also do not know whether
radical innovation spillovers are bounded to geographi-
cally or technologically proximate partners (e.g.,
Boschma 2005; Nooteboom 2000; Nooteboom et al.
2007). Accordingly, in this paper we are primarily inter-
ested in understanding the impact a DBF’s radical inno-
vations exert on other actors’ innovation activities. More
precisely, we apply an ego network3 perspective and
analyze the extent to which the formal partnerships with
radical innovators enables the transfer of knowledge to
direct partners and enhances their subsequent innovative
performance. Our approach answers the question: Do
directly linked partners of radical innovators in
German biotechnology benefit from these radical inno-
vation events?

We contribute to the existing body of literature in
several ways. First, by combining different raw data
sources we compile a unique longitudinal unbalanced
panel dataset encompassing the full set of DBFs in
Germany between 1996 and 2016. Second, we combine
a variety of methods and analytical approaches. In other
words, we identify radical innovators based on technol-
ogy class and forward patent citations, we construct ego
networks based on funding data for all identified radical
innovators, we identify statistical twins for benchmarking
purposes, and conduct an econometric estimation of pat-
ent counts. This combination of various data sources and
methods allows us to gain an in-depth understanding of
how knowledge embodied in radical innovations spills
over to other actors in the field. In doing so, we break new
ground by analyzing the way in which geographical and
technological determinants affect the transfer of knowl-
edge underlying radical innovations. Instead of restricting
our analysis to the radical inventors themselves, we pay
special attention to the subsequent innovation effects for1 Here we use the definition of SME proposed by European Commis-

sion: the enterprise is considered an SME, if it has less than 250
employees and “annual turnover not exceeding EUR 50 million, and/
or an annual balance sheet total not exceeding EUR 43 million”
(Recommendation 2003/361/EC).
2 Meaning diverse specialization and access to differentiated
information.

3 Ego networks encompass the ego itself and all its directly linked
partners. We measure the network’s structure based on the publicly
funded project data. Indirect connections between the alters are includ-
ed, but second tier ties are not included (Hite and Hesterly 2001).
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the partner companies, a perspective that has not yet been
explicitly addressed.

The paper is structured as follows: In Section 2 we
first summarize the main contributions of previous re-
search in general, and discuss existing literature on
radical innovationandknowledge spillovers. InSection2
we develop a set of testable hypotheses. Section 3 pro-
vides an overview of our data sources, and of the devel-
opment of the biotechnology industry in Germany. In
Section 4 we outline our research methodology.
Section 5 provides basic descriptive statistics and results
from our statistical analyses. Finally, in Section 6 we
provide a brief discussion of our main findings and
outline some fruitful avenues for further research.

2 Theory background, state of the art, hypotheses

2.1 Theory and concepts

Joseph Alois Schumpeter was among the first to em-
phasize the importance of entrepreneurs and their inno-
vative activities (Malerba and Orsenigo 1997; Witt
2008). In the late 1970s, the role of knowledge, innova-
tion, and endogenous change for economic growth and
prosperity was brought to the center of the economic
debate (Nelson and Winter 1974, 1982). Subsequent
literature outlined the importance of the context and
environment (e.g., technological, institutional or social)
on the emergence and diffusion of entrepreneurial inno-
vation (Autio et al. 2014). These ideas still constitute the
intellectual cornerstones of evolutionary economics lit-
erature (Nelson et al. 2018). Interestingly, there is still
no unified definition of a radical innovation in the
literature. In this paper we draw on a general notion
based on the Schumpeterian idea of innovation as a
recombination of existing knowledge (Weitzman
1998). The degree of radicality is reflected by the inno-
vation’s impact on firms, markets or entire technological
fields. The transformative, and sometimes disruptive,
character of innovation was described by Schumpeter
as ‘creative destruction’. Evolutionary economics also
contributes to the debate on the systemic character of
innovation processes4 (Lundvall 1992) by emphasizing

the role of formal and informal networks (Freeman
1991) for intra-industry and inter-industry knowledge
transfer processes. In general, networks include a well-
defined set of actors and the direct or indirect connec-
tions among them (Wasserman and Faust 1994). The
specification of actors and ties determines the type of
network. Innovation networks are embedded in a
broader socio-economic environment, and are consid-
ered to be an integral part of an industry’s innovation
system (Kudic 2015). Inter-organizational innovation
networks incorporate all types of actors involved in
R&D processes. Formal and informal connections be-
tween these actors allow for the unilateral, bilateral, or
multilateral exchange of ideas, information, knowledge,
and expertise. This, in turn, enables the actors involved
to recombine and generate new knowledge incorporated
in novel goods or services to meet market demands and
customer needs (cf. Kudic 2015, p. 47).

To analyze whether the radical innovations of SMEs’
spillover to direct partners, we focus on egocentric,
inter-firm innovation networks composed of formal
links within the technological field of biotechnology.
Ego networks are composed of one focal actor (ego), his
directly connected partners (alters) and connections
among the alters (Ahuja 2000; Hite and Hesterly
2001). In other fields, ego networks are also referred to
as ‘alliance network compositions’ (Baum et al. 2000),
‘alliance constellations’ (Das and Teng 2002; Gomes-
Casseres 2003), ‘alliance portfolios’ (George et al.
2001; Hoffmann 2005; Hoffmann 2007; Lavie and
Miller 2008), or ‘portfolios of interfirm agreements’
(Wuyts et al. 2004). In this context it is important to
note that the existence of direct and indirect ties among
network actors does not necessarily mean that
knowledge identification, transfer, and learning across
firm boundaries takes place without any obstacles or
frictions. Cohen and Levinthal (1990) were among the
first to acknowledged this issue by introducing the con-
cept of ‘absorptive capacity’, which draws attention to
an actor’s ability to identify, assimilate, and use exter-
nally available knowledge to commercial ends.5 In a
similar vein, Simonin (1999) provided us with insights
on the simultaneous effects of knowledge ambiguity and
its antecedents (i.e., tacitness, asset specificity, prior
experience, complexity, partner protectiveness, cultural

4 Based on the initial ‘national innovation system’ approach (Lundvall
1992; Nelson 1992; Freeman 1992), various specifications were de-
veloped, including ‘regional innovation systems’ (Braczyk et al. 1998),
‘sectoral innovation system’ (Malerba 2002), ‘technological innova-
tion systems’ (Carlsson et al. 2002).

5 This important insight has been adapted and extended in several
ways. For conceptual extensions, see for example: Van Den Bosch
et al. (1999); Zahra and George (2002); Lane et al. (2001).
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distance, and organizational distance) for the successful
transfer of technological knowledge through inter-firm
alliances. In the context of radical innovations and re-
lated knowledge transfer processes, firms face a quali-
tatively new situation. Radical innovations that result in
significant novelties require the integration of complete-
ly new elements of knowledge that combine and recom-
bine with existing knowledge. Specifically, links to
directly connected partners actively operating in other
technological fields may provide innovators with access
to new knowledge that fuels the emergence of radically
new ideas.

Economic geographers contributed to the debate by
introducing the concept of proximity (Boschma 2005).
In its most general sense, proximity can be defined as
“[…] being close to something measured on a certain
dimension” (Knoben and Oerlemans 2006, pp. 71-72).
The concept acknowledges that firms are simultaneous-
ly exposed to a variety of proximity dimensions, such
as: institutional proximity, organizational proximity,
cultural proximity, technological proximity, network
proximity and geographical proximity (Knoben and
Oerlemans 2006, p. 71). Boschma’s (2005) proximity
framework offers a process-oriented perspective that
encompasses both positive, as well as negative effects
of proximity on knowledge transfer, interactive learning
and firm innovativeness. This framework also allows for
the analysis of each proximity dimension separately, as
well as the interplay between proximity dimensions.

2.2 Prior research on networks and radical innovation

In recent years, the relationship between R&D cooper-
ation, knowledge transfer, and firm innovativeness has
been the subject of numerous case studies (e.g. Dyer and
Nobeoka 2000; Ciesa and Toletti 2004; Eraydin and
Aematli-Köroglu 2005; Capaldo 2007), as well as sev-
eral survey-based empirical studies. For instance, De
Propris (2000) analyzes the link between innovation
performance and upstream (as well as downstream)
interfirm partnerships drawing on a unique dataset com-
promised of 435 firms located in the West Midlands,
UK. Estimation results underline the role of R&D co-
operation as a driver of firm innovativeness. Harabi
(2002) found statistically significant support for the
impact of vertical R&D cooperation on firm-level inno-
vation outcomes based on a sample of 370 German
SMEs. The results indicate that informal modes of co-
operation are apparently more important than formal

modes. In a similar vein, Freel and Harrison (2006)
investigated the impact of cooperation on a firm’s inno-
vation output. They conducted a survey-based study
compromising 1347 small firms from Northern Britain
in both the manufacturing and service sectors. They
report a positive correlation between product innovation
success and cooperation with customers and public sec-
tor organizations. Despite the important insights provid-
ed by these studies, they suffer from several limitations.
Most survey-based cooperation studies neglect the
structural dimension of cooperation, and these studies
typically draw on cross-sectional data that overlooks the
dynamic nature of cooperation activities and the subse-
quent consequences of innovation.

We employ an ego network approach based on a
longitudinal co-patenting dataset. Jaffe et al. (1993)
showed that patent citation networks can serve as an
appropriate measure for exploring spillovers. Other
data sources have also been used to trace cooperation
and network patterns over time, such as bibilomentric
data (Abramo et al. 2009), press announcements in
industry magazines (Al-Laham et al. 2010), or data
on publicly funded research and development pro-
jects (Scherngell and Barber 2009; Kudic 2015).
Most longitudinal network studies focus on the ex-
tent to which network positioning, ego network com-
position, or overall network characteristics affect
knowledge transfer, learning, and the performance
of actors involved. For instance, Powell et al.
(1996) provide a comprehensive longitudinal study
on the role of network positioning and portfolios of
collaborative activities for interorganizational
learning. Ahuja (2000) focuses on the relatedness
between three aspects of a firm’s ego network char-
acteristics: direct ties, indirect ties, and structural
holes. He also discusses subsequent firm-level inno-
vation outcomes and raises awareness of the negative
innovation effects of structural holes at the network
level. Baum et al. (2000) demonstrate that the early
innovative performance of Canadian biotech
startups’ (measured by patent counts, R&D spending,
and growth) is strongly affected by the alliance net-
work composition of these firms at founding. Wuyts
et al. (2004) explore the impact of different types of
alliance portfolio characteristics on firms’ incremental
and radical innovations, as well as on firm profitability.
Broekel and Boschma (2012) explore Dutch aviation
industry network in order to assess the importance of
different proximity measures for knowledge transfer.
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They identify their network based on interview data.
Fornahl et al. (2011) employ R&D subsidies data to
analyze the factors affecting patent performance in Ger-
man biotechnology.

Recently, a small but vibrant research community
began investigating the very nature of radical innova-
tions. Conceptual and methodological contributions
dealing with radical innovations can be divided into
two streams: the first stream focuses on the identifica-
tion and measurement of radical innovations (Dahlin
and Behrens 2005; Fleming 2001; Arts et al. 2012;
Verhoeven et al. 2016), and the second stream uses
these methods to address contemporary issues in inno-
vation research (Fleming 2007; Hao and Feng 2016;
Grashof et al. 2019; Arant et al. 2019). Fleming (2001)
viewed ‘radicalness’ as the experimentation with new
configurations of already existing knowledge. The re-
sults of his negative binomial regression analysis based
on patent citation data show that experimentation with
new combinations of knowledge increases the variabil-
ity of innovation, and produces innovations with a
higher degree of radicalness. Dahlin and Behrens
(2005) emphasize the transformative power of innova-
tions by arguing that the impact on future developments
in the field is an important characteristic of a radical
innovation. They argue that a radical innovation should
possess three properties: novelty, uniqueness and
influence on future inventions. These properties can be
measured by backward and forward patent citation data.
Arts et al. (2012) and Verhoeven et al. (2016) combine
the approaches described above, as well as other indi-
cators, in order to establish a clearer definition of radical
innovations that might be used in further research. Arts
et al. (2012) estimate the efficiency of several indicators
to measure radical innovation in US biotechnology.
These indicators include unique backward citations,
new combinations of patent citations and the number
and structure of forward citations. The authors argue
that forward citations and the pattern of patent
citations provide a more valid picture of radical
innovation than indicators based on backward citations
or combinations of IPC classes. Verhoeven et al. (2016)
evaluate and compare two indicators: novelty in recom-
bination (based on new combinations of IPC classes)
and novelty of knowledge origins (based on backward
citations and other non-patent references). Their broad
dataset includes almost 8.5 million patents from a vari-
ety of patent offices. The results of their analysis show
the validity of all proposed indicators. The authors argue

that patents that combine different indicators have a high
potential to be radical breakthroughs.

The second group of studies applies these indicators to
investigate certain issues in the field of innovation re-
search. These papers often deal with different network
structures that may lead to the creation of radical innova-
tions. For instance, the idea of knowledge recombination
was later used by Fleming (2007) to measure collabora-
tive creativity. Their analysis shows that relations with
mutually unconnected partners positively influence the
creation of innovations, but slow down its diffusion. Hao
and Feng (2016) investigate how different types of net-
works influence radical innovation creation. Specifically
looking at buyer-supplier, peer collaboration and equity
ties, the authors find that a higher number of ties leads to a
higher potential for a firm to create radical innovations.
This is particularly evident for buyer-supplier and peer
collaborators. Grashof et al. (2019) employ a German
patent data sample and show that a firm’s location in a
cluster has a positive effect on the emergence of radical
innovations. Arant et al. (2019) report a positive related-
ness between industry-university collaborations and the
creation of radical innovations. The authors also explore
the impact of geographic and cognitive distance on the
probability of creating radical innovations. Their results
suggest that the collaboration between geographically,
but not cognitively distant partners appears to be the most
efficient.

In this sense, previous research is still mainly limited
to the radical firms themselves. Previous studies deal with
the effects that seizing new technological opportunities
may have on the subsequent firm’s creation (Shane
2001). Apart from that, the importance of cooperation
patterns for the introduction of the radical innovation was
subject to empirical research (Tether 2002). However, to
the best of our knowledge, no prior research has focused
on the extent to which directly connected alters are af-
fected by the radical innovations of a focal actor, which is
the central issue addresed in this paper.

2.3 Hypotheses

The empirical evidence on knowledge spillovers in-
duced by radical innovations is still scant. In order to
approach this issue, it is necessary to first distinguish
between ‘knowledge accessing’ and ‘knowledge acquir-
ing’ processes through collaborative partnerships (Grant
and Baden-Fuller 2004). The first process involves
firms cooperating in order to gain access to
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complementary stocks of codifiable knowledge (Grant
and Baden-Fuller 2004) without necessarily internaliz-
ing the partner’s skills (Doz and Hamel 1997). The
second process refers to the exchange of non-
codifiable (tacit) knowledge. The exchange of tacit
knowledge requires a certain degree of trust and the
engagement in interorganizational learning processes
of all partners involved (Lui 2009). Radical innovations
fall into the latter category due to the high degree of
novelty and combinatory complexity of the underlying
knowledge base. Grant and Baden-Fuller (2004) argue
that especially direct relationships can be regarded as
‘vehicles of learning’, allowing firms to transfer non-
codifiable knowledge across firm boundaries. Not only
a firm’s individual absorptive capacity (Cohen and
Levinthal 1990), but also the cooperation partners’ rel-
ative absorptive capacity (Lane and Lubatkin 1998),
plays a key role in identifying the right partner. Accord-
ingly, we argue that radical innovations spill over par-
ticularly to directly linked partners through interorgani-
zational learning processes that enhances mutual inno-
vativeness in subsequent time periods.

H1: Direct partners (alters) of a DBF with at least
one radical innovation (ego) experience a higher
degree of innovativeness, measured by the alters’
number of patent applications in subsequent
periods.

It has been argued that geographical proximity is
conducive to localized knowledge spillovers. The un-
derlying rationales and justifications are manifold.
Breschi and Lissoni (2001) suggest at least three under-
lying mechanisms that are assumed to be responsible for
localized knowledge spillovers: local labor markets
(Almeida and Kogut 1999; Zucker et al. 1998), local
markets for technologies (Lamoreaux and Sokoloff
1999) and the low propensity of skilled workers to
relocate in space (Breschi and Lissoni 2009). Hohberger
(2014) emphasizes that firms located close to each other
can better observe the activities and development trajec-
tories of their neighbors. This is especially important for
the transmission of tacit knowledge. To a certain degree,
proximity explains the successful facilitation of firm
innovativeness induced by technological parks (Díez-
Vial and Fernández-Olmos 2015) and geographic clus-
ters (Gilbert et al. 2008). Others emphasize the impor-
tance of spatial (or face-to-face) interactions for the
success of interactive learning processes (Saxenian

1990; Maskell and Malmberg 1999). However, geo-
graphical proximity does not always have a positive
effect on knowledge transfer and learning processes
(Boschma 2005). Spatial lock-in effects and a lack of
openness to the outside world may hamper innovation.
Firms become inward looking and separate themselves
from other organizations. This can cause local knowl-
edge to become quickly outdated. In line with previous
findings (Breschi and Lissoni 2005; Broekel and
Boschma 2012; Caragliu and Nijkamp 2016), we as-
sume that the benefits of geographical closeness over-
compensate the negative effect. Thus, we hypothesize
that:

H2: Direct partners (alters) of a DBF with at least
one radical innovation (ego), located in the same
region, experience a higher degree of innovative-
ness, measured by the alters’ number of patent
applications in subsequent periods.

Besides geographical proximity, firms might ex-
perience cognitive or technological proximity
(Boschma 2005; Knoben and Oerlemans 2006). For
a successful generation of new ideas, companies
should have common ground, but also not be too
similar (Boschma 2005). Biotechnology firms that
engage in collaborations in order to develop new
products and services prefer seeking collaborations
that complements their capabilities, e.g., clinical test-
ing, marketing, management, distribution (Hohberger
2014). However, it has also been reported that bio-
technology SMEs would rather communicate with
pharmaceutical corporations than with peers (Kahl
2015). In the context of our investigation, the central
issue is determining those partners that benefit the
most from DBFs radical innovations, cognitively
proximate DBFs, or other more cognitively distant
firms. We argue that the novelty content of DBFs’
radical innovations provides greater information val-
ue for companies with more distant technological
background. It is plausible to assume that non-
biotechnology partners experience an intermediate
level of cognitive proximity to DBFs, which, accord-
ing to Nooteboom et al. (2007), is favorable to mu-
tual learning and subsequent innovativeness. Non-
biotech firms gain insights from collaborations with
DBFs that they can recombine with a broad and
qualitatively different body of knowledge in their
own technological field. Because we expect
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increased innovation activity given this scenario, we
hypothesize that:

H3: Non-biotechnology partners (alters) of a DBF
with at least one radical innovation (ego) experi-
ence a higher degree of innovativeness, measured
by the alters’ number of patent applications in
subsequent periods.

3 Technological field and data

3.1 Technological field

The emergence of the biotech industry in Germany was
strongly driven by the political willingness to establish
this strategically important field. This political impera-
tive can be seen in a number of policy initiatives, some
of which began in the early 1990s (e.g., BioRegio
Competition, BioFuture, BioChance and BioChance
Plus or BioProfile). These initiatives were designed to
promote the emergence of start-ups (e.g., BioChance
and BioChance Plus) and facilitate the creation of bio-
technology clusters (BioRegio). The consequences of
these early policy measures are still evident today. For
instance, the winning regions of the BioRegio competi-
tion (a cluster policy initiated the 1990s), Munich,
Rhineland, Rhine-Neckar and Jena, still represent geo-
graphical agglomerations that inform the topology of the
industry (Fornahl et al. 2011).

The German biotechnology industry incorporates
a broad range of organizations, each specializing in
a variety of activities such as: production, research
and development, and the provision of services to
other firms (such as creation of test kits). The bio-
tech industry in German includes pharmaceutical,
chemical and biotechnological corporations (e.g.,
Bayer, BASF, Qiagen, Milentyi Biotech), as well
as research institutes and laboratories that are based
at universities, or institutions like the Fraunhofer
Society or the Max Planck Society. However, the
field in Germany is clearly dominated by SMEs.
According to BIOCOM AG, only around 2% of
dedicated biotechnology firms have more than 250
employees. Even if direct subsidiaries are excluded,
around 80% of German biotech firms are indepen-
dent SMEs.

Although the initial emergence of German biotech
firms was pushed by policy initiatives, many of the firms
experienced hard times when many funding programs
were terminated or reoriented in the mid-2000s. This
was especially true for SMEs. Due to a lack of transfer-
able resources, small entrepreneurial firms typically fail
more often than their larger competitors. The literature
refers to this as the ‘liability of smallness’ (Aldrich and
Auster 1986). In order to mitigate the lack of resources,
the SMEs that survived the initial crisis had two ways of
successful development: 1) use the external knowledge of
big corporations and research institutions, and/or, 2) find
a specific innovative niche in which to operate, thereby
distinguishing themselves from other actors.

Because the field includes different types of firms (big
pharma and biotech corporations, SMEs and research
institutions), there is a symbiotic relationship between the
actors. The symbiotic alliances in biotechnology have been
analyzed in a number of studies (e.g., Gay and Dousset
2005; Zidorn and Wagner 2012; Shin et al. 2016) that
indicate the alliances have a positive effect on a firm’s
performance, especially the innovative potential of project
partners. There is generally high risk associated with the
creation of biotechnology products. As a result, many
SMEs shifted to service-oriented business models (Kahl
2015). SMEs still in operation in the biotech field typically
operate in a narrow niche and focus their activities toward
very specific solutions (Zidorn and Wagner 2012). This
tendency offers the potential for entirely new products and
processes. Successful SMEs are usually not only distin-
guished by unique product portfolio, but also well-
embedded in networks. Thus, there is no reason to doubt,
that their innovationmay spillover and enhance the knowl-
edge of their partners.

3.2 Data sources

Our analytical approach places high demands on the
scope and granularity of the data. To achieve the goals
of our analysis, we needed data on (1) dedicated bio-
technology firms in Germany, (2) funded collaborative
projects, and (3) innovative output of radical innovators
and their project partners. Our industry-level data pro-
vides a complete picture of all DBFs actively operating
in biotechnology in Germany between 1996 and 2016.
We accessed a longitudinal database provided by
BIOCOM AG, and used a professional information
agency specializing in the Life Science industry in Ger-
many to access additional information. BIOCOM AG
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data categorizes and provides detailed information on
the actors in German biotechnology, including dedicat-
ed biotech firms, pharma companies and research insti-
tutions. BIOCON AG’s IND1 category includes infor-
mation on dedicated biotechnology firms, and serves as
the initial data source used in our study. This narrow
dataset is also used to identify the radical innovators
analyzed in our study. The information included in the
BIOCOM AG dataset includes firm location, founding
year and number of employees per year.

Because the BIOCOM AG dataset did not include
information about a firm’s ownership structure, we had
to turn to other sources of information to determine wheth-
er a radical innovator was a SME. We used the Amadeus
database from Bureau van Dijk6 to determine a firm’s
ownership structure and status in a particular year. This
information was augmented by the Wiso-Net database7

that provided us with information about firm events, e.g.,
liquidation, insolvency or merger. To zoom in deeper into
firm history, we also accessed firms’ websites.

Our data for funded collaborative projects comes from
a funding database, the subsidies catalogue of Federal
Ministry of Education and Research (in German:
Förderkatalog). In addition to identifying radical innova-
tors, we needed to identify their public project partners. It
is, in fact, these partners that represent our primary re-
search focus, and who are the core of the unbalanced
panel. Förderkatalog includes statistics on the on-going
and finished projects of the Ministry. These statistics can
be sorted by type of funding, funding program, geograph-
ic location, specialization, and recipients. Förderkatalog
is an especially well-suited data source when working
with longitudinal data, as it provides information about
timeframe of the funding process, and when a coopera-
tive effort was initialized.8 All of this information is quite
relevant for biotechnology SMEs, which, as mentioned in

Section 3.1, are highly dependent on external and public
funding.

Having identified our sample of radical innovators’
project partners, firm-year entries were created that
serve as the base of our unbalanced panel. We then used
information provided by Amadeus and Wiso-Net to
create our panel structure using control variables such
as age, size, ownership (subsidiary/not, spin-off/not).
Förderkatalog and Amadeus were consulted to comple-
ment our dataset by adding start and end points of
observation for each firm.

Finally, as our research scope is primarily concerned
with the innovative performance of radical innovators
and their partners, we used patents to measure innovative
performance, as well as to track knowledge spillovers
(e.g., Jaffe et al. 1993; Katila 2000). We used the
PATSTAT Database,9 which includes patents applied
by firms worldwide, to create our patent dataset. Apart
from being a reliable source of patent data, PATSTAT
combines data on the application itself with information
about the applicants and inventors, as well as technolog-
ical classes (IPC and CPC) and the number of citations
the patent received. PATSTAT is also suitable for the
unbalanced structure of our dataset, as it allows us to
create individual measures of innovative output at the
firm-year level, measured by the number of patent appli-
cations (on family level) made by a particular firm per
year.

4 Methodology

4.1 Research design

In order to test our hypotheses, we perform five
analytical steps (Fig. 1). The first step is the
identification of the population of dedicated bio-
technology SMEs, and the full set of patents
assigned to these firms. The next step is to iden-
tify all radical patents by using various indicators
based on technology class information and citation
data and by following a sequential identification
procedure. Steps three and four, which include the
creation of radical innovators’ ego networks and
defining the control group, are executed simulta-
neously. The outcomes of the initial analytical
steps are included in our estimation model, as

6 Accessed in January 2019.
7 Accessed in December 2018.
8 An alternative way of measuring cooperation, i.e., the number of co-
applied or co-invented patents, was also checked. However, common
subsidized projects seem to be a better measure of cooperative activity
for several reasons, apart from those stated above. First, funding
projects present an external source of data, whereas patents were
included in the model as a dependent variable. Thus, we avoid selec-
tivity issues by including only those firms in the model that have
patents. Second, cooperation may not always be revealed by a patent.
When project partners operate in different biotechnology sectors, over-
arching projects may be better source of information. We also checked
the CORDIS Database of EU-supported projects, but that dataset did
not provide enough information for this SMEs population. 9 Autumn edition 2016 and Spring edition 2019

1164 M. Shkolnykova, M. Kudic



our fifth and final step. The model estimates the
innovative performance of the radical innovators’
directly linked partners. The results of our radical
innovators’ model are compared with the innova-
tive performance of the partners of our benchmark
group of statistical twins.

1. Specification of the population of dedicated bio-
technology firms (DBFs)

DBFs usually meet the classification criteria
of SMEs. For the purpose of this paper we are
interested in the innovation potential of small
and medium sized firms. Accordingly, we need
to separate independent SMEs from subsidi-
aries of large companies. At this stage we also
excluded SMEs that were founded as subsidi-
aries, as they were not of our primary research
interest. After drafting a list of independent
SMEs, we identified their patents.

2. Identification of radical patents
In this step, we identify patents with a radical

character based on definitions found in the literature
(e.g., Verhoeven et al. 2016; Dahlin and Behrens
2005), and match the SMEs with the patent appli-
cation (so-called ‘radical innovators’). Additionally,
several plausibility checks were applied to ensure
that only SMEs are included in the radical innova-
tors’ sample.

3. Creation of ego networks of radical innovators
In this step, we identify all directly linked part-

ners of a radical innovator by using an ego network
approach based on a comprehensive publicly
funded project database. This step is necessary in
order to shift the focus of the analysis from the
radical innovators to their contractual partners. Rad-
ical innovators without publicly funded projects
were excluded.

4. Identification of statistical twins of radical inno-
vators

In this step, we create a population of sta-
tistical twins for our sample of radically inno-
vative DBFs. Partners of our statistical twins
served as the control group for our subsequent
econometric analysis.

5. Econometric estimation approach
Finally, we test our hypotheses using a neg-

ative binomial regression model. We also con-
duct several robustness checks, including lags

for the dependent variable, and including dif-
ferent control groups.

4.2 Specification of dedicated biotechnology SME’s
population

The identification of all actively operating small and
medium sized dedicated biotech firms (DBFs) in Ger-
many between 1996 and 2016 allows us to trace back
some key developments in German biotech, including:
emergence of the field, founding of entrepreneurial ven-
tures and the rapid development of the industry by the
end of the 1990s. At the beginning of 2000, we observe
the exit of numerous firms, and a significant decline of
patenting activities. Thereafter, we observe the appear-
ance of new related technological fields originating from
biotechnology. This is also reflected in a period of
pronounced technological change starting at the begin-
ning of the 21 century and lasting for more than ten
years.

After combining yearly firm datasets and identifying
firms that appear in the dataset several times under
different names, we are left with 1583 DBFs that were
actively operating during this time period.10 A majority
of our identified firms can be classified as SMEs. Even
accounting for firms founded as subsidiaries, 75-85% of
the firms identified in each year are independent SMEs
(Fig. 2).11

For these independent SMEs, the full set of patent
data was systematically unified and cleaned. For exam-
ple, applicant names were standardized, and we checked
patent families to avoid double counting patents.12 Pat-
ents belonging to a patent family are included in our
sample using their earliest mentioned priority filing date.

10 Help in creating the firm dataset for project purposes was provided
by Leonard Prochaska, University of Greifswald.
11 These firms were independent at founding, which does not mean
that they were not acquired at some point in time. This factor was then
taken into account after patent identification.
12 A patent family indicates several patents that are related to the same
or similar invention (EPO). We use DOCDB simple patent families for
our analysis. Priority application year is used for the analysis. Thus,
double counts of the same invention applied by a firm in different
patent offices can be avoided. For more information: https://www.epo.
org/searching-for-patents/helpful-resources/first-time-here/patent-
families/docdb.html
0 The information on actively operating research facilities reported by
BIOCOM AG is not available for every year. Over time, however, the
population of research facilities appears to be rather stable. Detailed
information is available upon request.

1165Who benefits from SMEs’ radical innovations?—empirical evidence from German biotechnology

https://www.epo.org/searching--for--patents/helpful--resources/first--time--here/patent--families/docdb.html
https://www.epo.org/searching--for--patents/helpful--resources/first--time--here/patent--families/docdb.html
https://www.epo.org/searching--for--patents/helpful--resources/first--time--here/patent--families/docdb.html


As a result, 4521 family IDs, or 4937 unique applica-
tions were identified. These patents are also used to
identify the radical entities.

In order to determine whether a patent represents a
radical innovation, we analyze the full set of available
industry data provided by BIOCOM AG. This dataset
includes 2200 dedicated biotechnology firms (both
SMEs and large companies), pharmaceutical firms,
and research institutions.13 Based on this analysis, we
are able to create a benchmark (control) group of patents
that allows us to determine whether a new patent is in
line with the established knowledge in the field, or
radically new. For that, we extracted all available patents
for these organizations from the PATSTAT database
and ended up with a total number of 17280 unique
patent applications.14

Figure 3 shows that the trend of SMEs patents rough-
ly corresponds to our baseline patent statistics. Most of
the patents for both samples occur in the period 2000-
2003, which is a couple of years after most of the firms
were founded. The rapid decline in patents after 2003
can be explained by tendencies in the field mentioned
previously (e.g., Kahl (2015) suggests the re-profiling of
many of SMEs as an explanation), and also the negative
attention directed at genetic research.

4.3 Identification of radical patents and radical
innovators

As outlined above, our analysis proceeds with the
identification of radical innovations using patent da-
ta. Previous research proposes a variety of procedures
to identify radical innovations (e.g., Fleming 2001;
Dahlin and Behrens 2005; Verhoeven et al. 2016).
However, there is still no unified consensus regard-
ing the attributes a patent should have in order to be
considered radical. Thus, we apply a procedure orig-
inally proposed and applied by Fleming (2001,
2007). The procedure attempts to find combinations
of existing knowledge that are new to a specific
industry. We implement this approach on the bench-
mark patent population of 17280 unique patent ap-
plications described above. We checked each new
patent application (on an annual basis) to determine
whether its technological imprint (reflected by the
technology classes on the patent document) has ap-
peared in this specific combination before in the
field. The emergence of very unusual combinations
of patent classes qualifies the respective patent to be
radically new, at least against the benchmark.

To ensure the reliability of our results, we combine
the first identification procedure with a second approach
that uses composite indicators (Verhoeven et al. 2016).
Accordingly, in addition to the technology class assess-
ment, we also take into account the impact that a poten-
tially radical innovation exerts on the technological
field. A commonway to measure this impact is by using
a forward citations indicator (e.g., Dahlin and Behrens

13 The information on actively operating research facilities reported by
BIOCOM AG is not available for every year. Over time, however, the
population of research facilities appears to be rather stable. Detailed
information is available upon request.
14 Here no filter on application year was needed.
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2005). 15We apply this approach taking into account the
fact that in some cases the application of important
knowledge created by a radical patent may take some
time. Hence, we included second-order forward cita-
tions in our identification procedure. The entire process
is illustrated in Appendix Fig. 6

The operational implementation of the identification
procedure outlined above is by no means trivial from a
methodological perspective. First, we had to identify all
possible dyads of IPC subclasses16 belonging to the
patents of both our SME sample and our benchmark
sample. If we found patents that had more than two
technology classes, we built permutations in order to
decompose the technology class set assigned to a patent
into dyads.17 Our efforts resulted in a total of 31727
such combinations for SMEs, and 111272 for bench-
mark sample.18 Next, SMEs dyads were juxtaposed to
benchmark dyads. The patent was suspected to be rad-
ical if it: 1) was not found within our benchmark sample,
or 2) appeared in our benchmark sample later than or in

the same year as in SME sample, or 3) appeared in
benchmark sample 1 year earlier than in SME sample.
The latter condition was introduced because of an 18
months lag between patent application and publication.
In this case, the SME’s patent contained the same
unique combination of classes as the not yet published
patent from the benchmark sample. If the patent from
benchmark sample was not yet public knowledge at the
time of SME’s invention, it cannot be said that the
SME’s invention was based on that knowledge.

Our identification procedure resulted in 396 potential-
ly radical IPC classes dyads, belonging to 286 patents
(Fig. 4). Looking at the timeline of these innovations, one
can see that most of them occur in 1998 or 1999, which is
in line with the general peak in biotechnology patents.
The most common patent classes are related to red bio-
technology, or to enzymes and peptides research.19

Finally, we checked for the intensity of forward
citations of previously identified patents. In order to
guarantee that a patent (at least the initial ones) could
potentially be cited, we only included patents with a
priority filing date before or during 2012. The full set of
286 patent applications satisfied this condition, but only
108 of them appear to have forward citations. Our
threshold value was set at 3 citations, which corresponds
to about the upper 30%.20 The number of citations of

15 A measure of the number of patent families that cite or reference
focal patents.
16 We are performing a comparison at the level of four digits or the
level of subclasses, e.g., A01H. This level of analysis provides enough
information to be able to differentiate between technological fields, and
identify patents that come from different subject areas. If we compare
at the level of main or subgroups, a patent might be classified as radical
even though it includes two technologically similar groups, especially
as we take only one industry into account. This level was also used in
the work of Fleming (2007), who introduced this method of radical
patents definition.
17 For example, if a patent had three IPC classes (on the main group
level) assigned, e.g. G01N 5, C12N 7 and C12M 7, three dyads were
built: G01N 5 - C12N7, G01N 5 - C12M 7 and C12N 7 - C12M7.
18 Number of patents x number of IPC codes combinations.

19 IPC codes of radical candidates and names of specific subclasses
from Figure 4 can be found in Appendix Table 6.
20 The threshold level was identified based on the break in a forward
citation graph. Several robustness checks were conducted using four,
five and six citation threshold values. Our four and five citations check
gave us nearly the same number of radical innovators. In case of our six
citations check, one SME had to be excluded from the sample. Results
are available upon request.
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forward citations corresponds to forward citations sta-
tistics. Here two cases can be especially noted:
“Kopplung von Proteinen an ein modifiziertes
Polysaccharid” (English: "Coupling proteins to a mod-
ified polysaccharide") – four 1st order citations and 83
2nd order citations; “Verfahren zur Gewinnung von
Proteinen aus Pflanzen in reiner Form” (English: "Pro-
cess for extracting proteins from plants in their pure
form") – eight 1st order citations, 153 2nd order
citations.

As a result, 77 patents belonging to 43 firms remain.
These firms were examined to ensure that only indepen-
dent SMEs are left in the sample. The reason for this is
straight forward: biotechnology is characterized by a
high level of acquisition. Thus, even if a particular firm
was initially founded as an independent SME, we need-
ed to make sure it still had this characteristic when the
patent was applied for. Our final sample consists of 29
firms that are radical innovators.

4.4 Creation of ego networks of radical innovators

In this paper, we are not primarily interested in the
innovative performance of radical innovators them-
selves, but rather in the innovative outcomes of their
partners. Our aim is to understand whether and to what
extent the radical innovations of our sample of 29 rad-
ical innovators affect the innovation performance of
their directly linked cooperation partners. Accordingly,
based on publicly funded project data, we create an ego
network for each of the 29 radical innovators (‘ego’) and
the full portfolio of partners (‘alters’). These networks
also include ties between alters, but exclude second tier

ties by definition (e.g., Borgatti et al. 2018). We use an
ego network instead of full network approach because
we what to learn more about the role of direct partner-
ships in transferring knowledge that is attached to a
radical innovator. Structural characteristics of the over-
all network, or positioning measures of individual actors
are outside the scope of our investigation.

A systematic screening of Förderkatalog reveals a
total of 13 firms with projects that include two or more
partners. The ego networks for this subset of firms21 are
presented in Fig. 5. We can see that there are two large
components and several small components. Connectiv-
ity in the ego network is mostly facilitated by universi-
ties or big corporations. For the purpose of our investi-
gation, only small and medium firms are considered.
Large firms were taken into account only if they were
independent and not the part of the corporate group at
the time of cooperation. After excluding other actors (for
example large corporations or universities and research
institutions), 35 actors remain. Starting from the year of
collaboration, the number of applied patent families per
firm was checked for each firm using PATSTAT (Au-
tumn 2016 edition).22 The annual number of patents is
also used as the dependent variable for our count model.

21 A list of the nodes can be found in Appendix Table 7. Universities
are presented at the level of working groups. Firms are presented on the
unit level, or in the case of large firms on the department level. If a
network is built on the university level, much higher connectivity is
seen. Universities thus serve as bridges between SMEs. However, in
the scope of this paper we are not primarily interested in university-
SME cooperation, therefore no detailed analysis of this issue is pro-
vided. Large firms and SMEs were presented at the unit level.
22 We also added PATSTAT 2019 Spring edition for 2016 patents.
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4.5 Identification of statistical twins

In order to analyze the effect of radical innovation on a
directly linked partner, we identify a control sample of
firms (statistical twins), which are—in a statistical
sense—very similar to our sample of radical innovators.
Themain difference is that the firms in our control group
have not produced a radical innovation. Our approach is
to determine whether the direct partners of the control
group firms systematically underperform in terms of
patenting performance.

Hence, we employ a propensity score matching tech-
nique to match each firm from our sample of radical
innovators to one or more statistical twins, based on

characteristics that both firms share. The baseline covar-
iates (or matching variables) must fulfill the following
properties: 1) be independent from each other, and 2)
have an influence on the outcome and differ between
conditions at baseline (Tanner-Smith and Lipsey 2014).
It is important to note, that this method is usually used
for sociology studies, or to test the effect of a particular
treatment. In these cases, the baseline covariates reflect
the status of the subjects to be divided into groups before
the treatment. Using this approach to identify statistical
twins of radical innovators is more complicated, because
of the time-sensitive nature of patent applications and
the tacitness of knowledge creation. These characteris-
tics of radical innovation make it difficult to establish a
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before and after picture of the ‘radicalness’ of a firm.
Thus, we stick to the following basic characteristics:

& Number of employees that a firm has;
& Size of the network, measured by the number of

unique project partners;
& Whether the firmwas founded as a spin off (1) or not

(0);
& Whether the firm has universities in the network (1)

or not (0);
& Whether firm is situated in a technology center (1) or

not (0).

These characteristics are based on previous empirical
studies related to the innovative performance of firms.
Firm size and overall network variables are frequently
used as control variables that may influence a firm’s
performance or survival (e.g., Fleming 2007; Shin et al.
2016). There is also empirical evidence that emphasizes
the importance of industry-university collaboration
(e.g., Beaudry and Kananian 2012), as well as the in-
volvement of university researchers in firm activities,
this is especially true for biotechnology (Zucker and
Darby 1996). Our technology center variable is based
on the fact, that technological centers promote commu-
nication between firms and encourage innovative per-
formance, both necessary conditions for radical innova-
tion creation.

For each of the radical firms, five potential twins
were identified from the SME sample, after excluding
our radical firms and their partners. The best fitting
twins were chosen based on a qualitative analysis that
included a screening of firms’ websites and an investi-
gation into the specific focus of the firm’s activities. To
ensure that the composition of our control group did not
occur by chance, we conducted two robustness checks.
First, we selected a different sample of statistical twins
composed of the second-best candidates, and then we
selected two samples of statistical twins using a random
numbers generator. These three samples were also com-
piled and tested to ensure the robustness of our selection
process.23

4.6 Econometric approach

We estimate the innovative performance of the two
samples: 1) partners of radical innovators, and 2)

partners of their statistical twins. Patents are a well-
accepted proxy for measuring innovative performance,
especially for industries such as biotechnology or phar-
maceuticals, where patent applications are important
and a common form of invention protection and appro-
priation (e.g., Aggarwal and Hsu 2014; Hohberger
2014). Thus, our dependent variable is the annual num-
ber of patents applied for by a partner firm after initiat-
ing cooperation with a radical innovator. As radical
patents usually come close after the founding of the
firm, and are usually the result of a long process, no
projects had to be excluded from the sample. When
using patent counts as a dependent variable, an appro-
priate lag-structure needs to be integrated in the model.
Because biotechnology and related fields possess high
dynamics, we started measuring patents for the partners
from the year of cooperation with a radical innovator (or
its statistical twin). Patent lags of one and two years are
presented in our paper as robustness checks.

Several controls were introduced in the model. Our
variable AGE represents the number of years between a
firm’s founding and the year of observation, and EMPL
represents the number of employees reported by the firm
in the observation year. The variable SUBS is used to
determine if a firm is a subsidiary, or an independent
entity in a year of observation, whereas SPINOFF indi-
cates whether the firm was founded as a university or
industry spin off. Our variableUNI identifies those firms
that cooperated with a university in the form of a joint
project. This variable takes the value of 1 if there was a
cooperative effort with a university, and zero if no
cooperation took place.

In order to test our three hypotheses, we specify three
separate models. To check whether the partnership with
radical innovators is beneficial, we introduce the vari-
able RADICAL, which takes a value of 1 for partner
firms of radical innovators, and zero for partner firms of
our statistical twins control group. The variable is con-
stant for a particular firm across years. If the same firm
appears in both radical and non-radical ego networks, it
is deleted from the panel. The second model addresses
the role of geographical distance. The variable REGION
takes a value of 1 for interregional, and zero for
intraregional partners at the NUTS2 level.24 The third
model considers the possibility that partner firms may
have the same technological background, or operate in a

23 A list of twins and all matches can be found in Appendix Table 8.

24 Using the NUTS3 level as a category to measure this variable did
not significantly change the results.
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very different technological field. The binary variable
BIOTECH takes the value of 1 if partner firms have a
biotechnology background, and zero otherwise. This
variable was coded based on the BIOCOM yearbook
data. The variables REGION and BIOTECH according
to stated hypotheses were identified only for the partners
of radical innovators. Table 1 presents a brief descrip-
tion of the variables and data sources.

Our dependent variable (number of patents per year)
has a count character and is represented by the equation
below. Patents per firm are not normally distributed. The
distribution is typically right skewed. Therefore, a count
model is preferable, rather than using a linear model
specification (Cincera 1997). Furthermore, our data in-
dicates overdispersion, confirmed by likelihood-ratio
test of alpha. In this case, a negative binomial (NB)
regression is usually used instead of a poisson specifi-
cation (e.g., Petruzzelli et al. 2015). Accordingly, we
employ a NBmodel characterized by the following form
(Petruzzelli et al. 2015; Beaujean and Morgan 2016;
Cincera 1997):

cλit ¼ exp ∑
k
βkX it þ εi

� �

where X refers to the independent and control variables.
The variables are tested for firm i in time period t,
reflecting firm-year entries.

Our data is characterized by a panel structure, as we
are dealing with patent applications per firm per year.
This allows us to account for different firm-specific
characteristics and firm heterogeneity, and addresses
the problem of multicollinearity (Kennedy 2003). Also,

a likelihood-ratio test vs. a pooled model favors a panel
structure.

5 Results

5.1 Basic descriptive statistics

Our approach includes a firm-year level analysis. By
constructing an unbalanced panel dataset, we explicitly
account for the entry and exit dates for the partners of
our radical innovators and partners of our statistical
twins.25 A firm-specific observation window of our
radical innovators’ partners starts with the first year of
cooperation and ends in 2016, or the year a firm was
dissolved. In the latter case, the year of dissolution was
taken from Amadeus, or the WISO-net database. Our
sample of partners includes 56 firms, 35 partners of
radical firm and 21 partners of statistical twins, giving
us a total 532 firm-year observations. Out of 35 firms
partnering with our radical firms, 21 are dedicated bio-
tech firms (BIOTECH), and 20 are located in the same
region their radical collaborator (REGION).26

Basic descriptive statistics on patenting activities of
the firms in our sample are presented in Table 2. As can
be seen, many of the firms, especially those partnering
with our non-radical twins, do not possess a patent.

Table 1 Control variables

Variable Description Data source

PATENT Number of patent applications of a firm per year PATSTAT 2017b

RADICAL Firm being partner of radical innovator (1) or non-radical twin Identification procedure, explained in 4.2,
Förderkatalog

REGION Partner located in the same NUTS2 region with focal firm (1) or in different region
(0)

BICOM AG, Amadeus, WISO-Net

BIOTECH Dedicated biotechnology firm (1) or not (0) BICOM AG, Amadeus

AGE Years between founding of the firm and year of observation BIOCOM AG, Amadeus

EMPL Number of employees in a particular year BICOM AG, Amadeus, WISO-Net

UNI Firm having university as a partner in funded project in the year of observation or
before (1) or not (0)

Förderkatalog

SUBS Firm being subsidiary in the observation year (1) or not (0) Amadeus

SPINOFF Firm being spin-off at founding (1) or not (0). Variable is constant for one firm
across all observation periods

Amadeus, Firms´ websites

25 Here, the results of our analysis using the first manually chosen
twins sample are presented.
26 Two firms moved to different region during the observation time
period, changing the value of the REGION variable for the correspond-
ing year.
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Among the firms that have a patent, more than half have
1-10 patents. The partners of our radical firms show a
much higher diversity in the types of patent applications.
The most patents (107) were applied for by Vectura
GmbH, a small firm that is a subsidiary of an interna-
tional corporation Vectura Group.

The main descriptive statistics for our control vari-
ables, across both radical and non-radical firms’ part-
ners, are provided in Table 3.

A closer look at these measures allows us to make the
following observations. First, the partners of our radical
firms are, on average, much younger than the partners of
our non-radical ‘twins’. Even not accounting for out-
liers, we see a 3-year difference based on the median
value. This suggests that our radical innovators seek to
partnership with younger firms. Firms that partners of
our radical innovators are also generally larger and more
independent (not subsidiaries) than those of our non-
radical ‘twins’. Interestingly, partners of our non-radical
‘twins’ are more frequently founded as spin-offs, and
have joint projects with universities and research insti-
tutions. In order to check for possible multicollinearity,
we estimated the correlations between variables. We
observed a low tomedium level of pairwise correlations,
so none of the variables were excluded from the model
(Table 4).

5.2 Results of the panel regression analysis

The results of our four model specifications analysis27 are
provided in Table 5. Model (1) represents our baseline
specification, and is a test for Hypothesis 1. In this model
estimation, we include only the variableRADICAL and the
control variables, and include the partners of both radical
and non-radical firms (532 observations). Models (2)–(4)
are designed to test Hypotheses 2 and 3, and include only
the partners of our radical innovators (288 observations).
Model (2) includes the variable REGION in order to

determine the influence of geographical proximity on the
collaborative partnership. Model (3) includes the BIO-
TECH variable to determine the influence of cognitive
proximity on the collaborative partnership, and Model (4)
includes both variables. All model specifications are esti-
mated with zero-, one- and two-year lags.

When we analyze the results of the baseline negative
binomial regression for an unbalanced panel (Model 1),
we see that the coefficients remain stable for almost all
variables. However, the significance of the coefficients
generally decreases when lags are introduced. The main
variable of interest, RADICAL, shows a positive signif-
icant coefficient. This suggests that our sample partners
of radical innovators show a higher innovative perfor-
mance than our sample partners of their twins. This
result confirms our Hypothesis 1, showing the presence
of positive externalities. Apart from that, across all
model specifications, the variables AGE and EMPL
show consistent results. A closer reading of these results
indicates that younger and larger partners have a higher
innovative performance. Interestingly, the variable
SUBS shows a slightly significant negative coefficient,
meaning that stand-alone SMEs generally tend to patent
more than subsidiaries.

27 This analysis in based on our first self-matched sample. Other
matching samples, as well as different model specifications are pre-
sented in Appendix Table 9 as robustness checks.

Table 2 Patenting activities, partners of radical and non-radical firms

Variable Obs Mean Std. dev. Min Mdn Max

Patents, non-radical partners 21 1.90 2.93 0 0 10

Patents, radical partners 35 8.57 22.48 0 3 107

Table 3 Descriptive statistics

Variable Obs Mean Std. dev. Min Mdn Max

Non-radical partner

AGE 244 13.93 7.98 0 11 166

EMPL 244 13.06 11.37 1 9 55

UNI 244 0.96 0.20 0 1 1

SUBS 244 0.18 0.39 0 0 1

SPINOFF 244 0.30 0.46 0 0 1

Radical partner

AGE 288 10.56 8.23 0 8 39

EMPL 288 38.51 60.12 2 20 329

UNI 288 0.90 0.31 0 1 1

SUBS 288 0.34 0.48 0 0 1

SPINOFF 288 0.27 0.44 0 0 1
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The negative binomial regression (Model 2) reveals a
negative significant coefficient for the variable RE-
GION. This suggests that, based on using NUTS2 to
define our regional variable, interregional partners profit
from cooperation with radical partner more than
intraregional ones. Although this finding contradicts
our Hypothesis 2, it is in line with some of the literature.
Of special note are the findings of Breschi and Lissoni
(2003), showing that today, even tacit knowledge can be
transferred over distance. Another possible explanation
for our finding is that competition with other proximate
SMEs may hinder cooperation.

The results from Model 3 reveal a negative signifi-
cance for the variable BIOTECH. This suggests that the
innovative performance of firms working in the same
field as their radical innovator partner are less impacted
by the cooperative effort. This result confirms our Hy-
pothesis 3. Thus, radical innovators rather prefer sharing
their experience with firms that complement their capa-
bilities, rather than with ones that may substitute them.

When we examine Model 4, with both our geograph-
ical (REGION) and technological (BIOTECH) dimen-
sions, we see the direction of the coefficients is stable.
Notice, however, that the geographical dimension loses
its significance. Model 4 does confirm the significance of
our AGE and EMPL variables that was revealed in all the
other models. The UNI variable also shows a slightly
positive coefficient in our final specification, meaning
that firms cooperating with universities have a higher
number of patent applications than non-cooperating ones.

In sum, we find support for Hypotheses 1 and 3,
and a contradiction to Hypothesis 2. Our results in-
dicate that partners of radical innovators are more
innovative in terms of patent counts than partners of
their statistical twins. Radical innovators are also
more likely to seek partnerships and exchange
knowledge with firms operating in diverse regions
and industries.

6 Discussion and conclusion

In this paper, we turn our attention to a topic that is still
largely unexplored, namely: how (and/or whether) the
unique knowledge embodied in radical innovations
spreads out across firm boundaries and influences the
innovation performance of directly linked cooperation
partners. Since radical innovations carry a special kind
of knowledge, it is still anything but clear how related
knowledge transfer processes take place, and which
determinants influence them.

Our findings confirm our initial expectations, and
show that directly linked partners of radical innovators
benefit from this partnership. Our sample of firms that
partnered with our sample of radical innovators
outperformed the firms in our control group of statistical
twins in terms of patent applications. To gain deeper
insights into the mechanisms that improve the perfor-
mance of the firms partnering with our radical innovators,
we examined the partners’ geographical location and
technological orientation in more detail. Our results
indicate—contrary to our original expectations—that
geographically distant partners of radical innovators
show significantly higher innovation outcomes in subse-
quent time periods. This finding echoes Boschma’s
(2005) argument that geographically proximate firms
may become too inward looking over time, and the
knowledge base becomes more and more similar over
time. Our results also show—in line with our
expectations—that firms operating in a field different
than that of the radical innovator derive more benefit
from the partnerships. In other words, firms with a nota-
bly different knowledge background seem to gain more
from their partnership with radically innovative DBFs in
terms of subsequent innovation outcomes. The fact that
we focus on radical innovators involved in biotechnology
could drive our results, in the sense that a non-biotech
firm cooperating with a radically innovative biotech DBF

Table 4 Correlation coefficients

RADICAL AGE EMPL UNI SUBS SPINOFF

RADICAL 1.000

AGE −0.203 1.000

EMPL 0.272 0.387 1.000

UNI −0.119 0.125 −0.182 1.000

SUBS 0.184 −0.107 0.245 0.012 1.000

SPINOFF −0.035 −0.176 −0.067 −0.217 −0.078 1.000
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sensitizes the cooperating firm to completely new busi-
ness opportunities in their own field, initiates ideas for
novel products and services, and broadens their innova-
tion horizon. In a nutshell our results show that both
geographically and technologically distant partners seem
to profit more significantly from their partnership with a
radical innovator.

Our findings have far-reaching implications for pol-
icy makers and managers. Policy measures designed to
stimulate innovations at the regional level, especially
among SMEs in a knowledge intensive field such as
biotechnology (e.g., BioRegio, BioChance), may also
have positive consequences for more distant firms and
organizations. Given the risks and high economic po-
tential inherent to radical innovations, continuous sup-
port of radical innovators should be institutionalized.
Against this background, it is interesting to note that
the Agency for Radical Innovation (SprinD GmbH) was
recently founded in Leipzig on December 16, 2019, by
the Federal Ministry of Education and Research
(BMBF) and the Federal Ministry of Economics and
Energy (BMWi). SprinD aims to actively promote rad-
ical innovation in Germany. The agency is intended to
be a flexible and responsive government funding instru-
ment that supports and accelerates the breakthrough of
highly innovative ideas into the market. The primary
goal of the agency is the discovery and further develop-
ment of research ideas that break completely new
ground. Another insight that can be drawn from our
investigation is that directly linked partners of radically
innovative DBFs experience a positive innovation ef-
fect, too. Formal cooperation ties between radically
innovating SMEs and their direct partners allow for
bridging long geographical distances and thus serve as
an important interregional transmission channels for
knowledge spill overs. Even more important, radical
innovations also spill over to companies from other
fields of technology. Hence, our findings suggest that
technology-centered funding programs may exert a
much broader impact than previously assumed. Howev-
er, programs and initiatives that aim to produce radical
innovations should be oriented towards interdisciplinar-
ity and transdisciplinarity. Technological boundaries
should be removed, and thinking and acting across
regions should be encouraged. The design of
cooperation-based funding instruments that aim to bring
engineers, creative thinkers and practitioners from dif-
ferent technological field into a closer exchange, could
provide one way to facilitate radical innovations. At the

same time, our study allows for deriving some interest-
ing recommendations for managers and decisionmakers
in companies. The establishment and maintenance of
partnerships with companies that produce radically new
ideas from other technological fields can pay off in
terms of innovation outcomes. Our results also suggest,
that when choosing a partner, geographical closeness is
often overestimated, especially in the age of digital
technologies. Thus, managers should encourage their
R&D personnel to seek collaborative activities with
R&D departments outside the direct regional surround-
ing and which differ from the own company’s compe-
tence and technology portfolio.

There are limitations to our study. First, we only focus
on the ego networks of radical innovators, and do not take
into account second or third tier partnerships. Including
full networks in a research design may provide a more
complete understanding of knowledge spill overs seen in
a more complex full network. Extending our analysis to
include an investigation of non-contractual relationships,
e.g., communication networks or labor mobility, might
shed light on informal modes of knowledge transfers.
Although the propensity score matching technique used
in our analysis is a useful technique, it is also a sensitive
instrument. A slight change in the parameters can change
the results, and lead to a slightly different benchmark
group. Data availability is always an issue in empirical
research. Had we been able to develop a more complete
or larger dataset, we could have run more specifications
and performedmore robustness checks. The geographical
measure used in our study is very simplistic and coarse.
An alternative measure of the geographic distance could
be more precise if one considers distance in kilometers or
hours of travelling, rather than a simple regional variable.
Even our measurement of technological proximity is
somewhat simplistic. Instead of using a binary variable,
one could use a continuous variable based on the simi-
larity of technological profiles of radical innovators and
their partners. And finally, it would be interesting to
include additional proximity measures in our analysis,
such as social, institutional, and organizational proximity.
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Appendix

Step 4. Measure of patent impact - number of forward citations of 
first and second order of radical candidtates, identified in step 2.

Patents with most 1st and 2nd order citations were considered to be radical

Step 3. Identification of dyads that present new recombinations of existing knowledge - 'radical 
candidates'

Dyads from focal frims' patents are compared to dyads from baseline firms' patents. Radical candidates 
are patents, that have dyads which did not appear in the baseline sample before (or appeared at least one 

year later)

Step 2. Identification of IPC dyads for focal and baseline firms (separately)

More than one technological class can be assigned to one patent. In this step all possible 
combinations (dyads) of these classes, belonging to one patent were identified. 

Step 1. Identification of SMEs patents as well as patents of extended baseline (control) sample 

Focal firms: only dedicated biotechnology SMEs Baseline firms: SMEs, large and very large firms, 
pharmaceutical firms and research institutions

Fig. 6 Procedure of radical patents identification
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Table 7 List of nodes of ego networks, radical firms

Node Node
number

Ego?

3T TextilTechnologieTransfer GmbH 1

4SC Discovery GmbH - F&E Abt. 2

ACGT ProGenomics AG - Geschäftsbereich 3 - Therapeutika 3

Amedrix GmbH 4

AMSilk GmbH 5 Yes

AptaIT GmbH 6

Aventis Research & Technologies GmbH & Co. KG - Operative Forschung 7

Axiogenesis AG 8 Yes

Bayer Technology Services GmbH - BTS-PT-Process Design- Process Analysis 9

BIOPHARM Gesellschaft zur biotechnologischen Entwicklung von Pharmaka mbH 10 Yes

Biotechnologie-Gesellschaft Mittelhessen mbH 11 Yes

Braunform GmbH 12

Cellzome AG 13

Charité - Universitätsmedizin Berlin - Campus Virchow-Klinikum - Institut für Medizinische Genetik 14

Charité - Universitätsmedizin Berlin - Labor für Tissue Engineering 15

Charité - Universitätsmedizin Berlin - Medizinische Klinik mit Schwerpunkt Rheumatologie und Klinische
Immunologie

16

chimera biotec GmbH 17 Yes

chimera biotec GmbH - Biomedizinzentrum Dortmund 18 Yes

Christian-Albrechts-Universität zu Kiel - Agrar- und Ernährungswissenschaftliche Fakultät - Institut für
Phytopathologie

19

Christian-Albrechts-Universität zu Kiel - Agrar- und Ernährungswissenschaftliche Fakultät - Institut für
Phytopathologie - Abt. Molekulare Phytopathologie

20

Christian-Albrechts-Universität zu Kiel - Universitätsklinikum Schleswig-Holstein - Campus Kiel–Hautklinik 21

co.don Aktiengesellschaft 22

Coley Pharmaceutical GmbH 23

conoGenetix biosciences GmbH 24

Corimmun GmbH 25

Crelux GmbH - F&E Abteilung 26

Deutsches Krebsforschungszentrum (DKFZ) - Abt. Translationale Immunologie (D015) 27

DOT GmbH - Bereich Forschung und Entwicklung 28

Dr. Lerche KG 29

Endolab Mechanical Engineering GmbH 30

Eppendorf Instrumente GmbH 31

FEG Textiltechnik Forschungs- und Entwicklungsgesellschaft m.b.H. 32

FEG Textiltechnik Forschungs- und Entwicklungsgesellschaft m.b.H. - Abt. Entwicklung 33

Fraunhofer-Institut für Angewandte Informationstechnik (FIT) 34

Fraunhofer-Institut für Siliziumtechnologie (ISIT) 35

Freie Universität Berlin - Fachbereich Biologie, Chemie, Pharmazie - Institut für Biologie - Angewandte Genetik 36

Freie Universität Berlin - Fachbereich Biologie, Chemie, Pharmazie - Institut für Chemie und Biochemie 37

Friedrich-Schiller-Universität Jena - Physikalisch-Astronomische Fakultät - Institut für Materialwissenschaft und
Werkstofftechnologie

38

GeSIM Gesellschaft für Silizium-Mikrosysteme mbH 39

Graffinity Pharmaceuticals GmbH 40 Yes

GS Gebhardt & Schäfer Industrie-Elektronik GmbH 41
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Table 7 (continued)

Node Node
number

Ego?

Hahn-Schickard-Gesellschaft für angewandte Forschung e.V. - Institut für Mikro- und Informationstechnik (IMIT) 42

Helmholtz Zentrum München Deutsches Forschungszentrum für Gesundheit und Umwelt (GmbH) - Institut für
Lungenbiologie

43

Helmholtz-Zentrum für Infektionsforschung GmbH - Abt. Molekulare Biotechnologie 44

humediQ GmbH 45

ibidi GmbH 46

In Vitro Biotec GmbH 47

Infineon Technologies AG 48

Inosim GmbH 49

Intana Bioscience GmbH 50

Jenpolymer Materials LTD & Co. KG 51

Julius-Maximilians-Universität Würzburg - Physiologisch-Chemisches Institut 52

Kliniken der Stadt Köln gGmbH - Klinik für Anästhesiologie und operative Intensivmedizin 53

Klinikum der Universität München - Campus Großhadern - Medizinische Klinik und Poliklinik I 54

Klinikum rechts der Isar der Technischen Universität München - Klinik für Orthopädie und Unfallchirurgie 55

KTB Tumorforschungsgesellschaft mbH 56

Lindauer DORNIER Gesellschaft mit beschränkter Haftung - Abt. GS 57

Ludwig-Maximilians-Universität München - Fakultät für Chemie und Pharmazie - Department Pharmazie -
Pharmazeutische Technologie und Biopharmazie

58

Ludwig-Maximilians-Universität München - Fakultät für Physik 59

Martin-Luther-Universität Halle-Wittenberg - Fachbereich Ingenieurwissenschaften - Institut für Biogineering 60

Martin-Luther-Universität Halle-Wittenberg - Naturwissenschaftliche Fakultät I - Institut für Biochemie und
Biotechnologie

61

Martin-Luther-Universität Halle-Wittenberg - Naturwissenschaftliche Fakultät I - Institutes für Biologie - Genetik 62

Mathys Orthopädie GmbH 63

Medizinische Hochschule Hannover - Klinik und Poliklinik für Dermatologie und Venerologie 64

Medizinische Hochschule Hannover - Orthopädische Klinik (im Annastift) 65

Medizinische Hochschule Hannover - Zentrum Innere Medizin - Klinik für Nieren- und Hochdruckerkrankungen 66

Milupa GmbH - Numico Research - Group Germany 67

Molzym GmbH & Co. KG 68

MorphoSys AG 69

MPB Cologne GmbH 70 Yes

NanoTemper Technologies GmbH 71

nanotype GmbH 72 Yes

NMI Naturwissenschaftliches und Medizinisches Institut an der Universität Tübingen 73

november Aktiengesellschaft Gesellschaft für Molekulare Medizin - MD1/Medizinische Diagnostik 74 Yes

ONCOLEAD GmbH & Co. KG 75

Orthopädische Universitätsklinik Heidelberg 76

Planton GmbH 77 Yes

Priaxon AG 78

Proteome Sciences R&D GmbH & Co. KG 79

Proteros Biostructures GmbH 80

QUALIMED Innovative Medizinprodukte Gesellschaft mit beschränkter Haftung 81

Rheinisch-Westfälische Technische Hochschule Aachen - Fakultät 4 - Maschinenwesen - Lehrstuhl und Institut für
Allgemeine Mechanik

82
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Table 7 (continued)

Node Node
number

Ego?

Robert Bosch GmbH - Zentralbereich Forschung und Vorausentwicklung – Mikrosystemtechnik 83

Ruprecht-Karls-Universität Heidelberg - Medizinische Fakultät und Universitätsklinikum Mannheim -
Neurochirurgische Klinik

84

Ruprecht-Karls-Universität Heidelberg - Medizinische Fakultät und Universitätsklinikum Mannheim -
Orthopädisch-Unfallchirurgisches Zentrum

85

Scil Proteins GmbH 86 Yes

Siemens Aktiengesellschaft - Zentralabt. Technik (ZT EN 1) 87

SIRION BIOTECH GmbH 88

Südzucker Aktiengesellschaft Mannheim/Ochsenfurt - Zentralabt. Forschung, Entwicklung und Services (ZAFES) 89

SuppreMol GmbH 90

SWITCH Biotech AG 91 Yes

Technische Universität Dortmund - Fakultät Chemie - Lehrstuhl für Biologisch-Chemische Mikrostrukturtechnik 92

Technische Universität München - Fakultät für Medizin - Institut für Medizinische Mikrobiologie, Immunologie und
Hygiene

93

Technische Universität München - Fakultät für Medizin - Institut für Pharmakologie und Toxikologie 94

Technische Universität München - Wissenschaftszentrum Weihenstephan - Forschungsdepartment
Biowissenschaftliche Grundlagen - Lehrstuhl für Biologische Chemie

95

TransTissue Technologies GmbH 96 Yes

Trianta Immunotherapies GmbH 97

Universität Bayreuth - Fakultät für Angewandte Naturwissenschaften - Lehrstuhl Bioprozesstechnik 98

Universität Bayreuth - Fakultät für Angewandte Naturwissenschaften - Lehrstuhl für Biomaterialien 99

Universität Bremen - Fachbereich 02 Biologie/Chemie - Institut für Biochemie - Centrum für Biomolekulare
Interaktionen in Bremen (CBIB)

100

Universität Regensburg - Universitätsklinikum - Klinik und Poliklinik für Innere Medizin I 101

Universitätsklinikum Jena - AG Experimentelle Rheumatologie 102

Universitätsklinikum Jena - Medizinische Fakultät - AG Experimentelle Rheumatologie - Lehrstuhl für Orthopädie 103

Universitätsklinikum Würzburg - Neurologische Klinik und Poliklinik 104

Vectura GmbH 105

Wilex AG 106

Xerion Pharmaceuticals AG 107

XL-protein GmbH 108
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Table 9 Robustness checks

Negative binomial regression

0 year patent lag 1 year patent lag 2 years patent lag

Manual match 2

RADICAL 0.364
(0.359)

0.180
(0.346)

0.094
(0.342)

AGE -0.074***
(0.023)

-0.050***
(0.018)

-0.041***
(0.015)

EMPL 0.008**
(0.004)

0.010**
(0.004)

0.008**
(0.004)

UNI 0.793
(0.489)

0.775*
(0.447)

1.120**
(0.448)

SUBS -0.403
(0.293)

-0.152
(0.269)

0.077
(0.262)

SPINOFF 0.128
(0.365)

0.138
(0.355)

0.256
(0.351)

CONSTANT -0.399
(0.622)

-0.599
(0.554)

-1.138**
(0.540)

Log likelihood -488.553 -519.235 -532.756

Observations 628 628 628

Random match 1

RADICAL 0.229
(0.349)

0.133
(0.351)

0.304
(0.325)

AGE -0.051***
(0.019)

-0.025**
(0.017)

-0.030*
(0.017)

EMPL 0.006
(0.004)

0.008*
(0.004)

0.008*
(0.004)

UNI 0.342
(0.524)

0.497
(0.502)

1.436**
(0.663)

SUBS -0.300
(0.283)

-0.089
(0.264)

0.095
(0.258)

SPINOFF 0.201
(0.401)

-0.246
(0.406)

0.409
(0.386)

CONSTANT -0.154
(0.638)

-0.467
(0.608)

-1.892**
(0.753)

Log likelihood -508.986 -538.593 -542.819

Observations 649 649 649

Random match 2

RADICAL 0.303
(0.376)

0.178
(0.356)

0.134
(0.335)

AGE -0.089***
(0.022)

-0.052***
(0.020)

-0.038*
(0.020)

EMPL 0.011***
(0.004)

0.011**
(0.005)

0.010**
(0.005)

UNI 0.646
(0.484)

0.537
(0.454)

0.832*
(0.473)

SUBS -0.316
(0.309)

0.012
(0.279)

0.238
(0.274)

SPINOFF -0.191
(0.398)

-0.136
(0.383)

-0.007
(0.364)
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