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Abstract

Despite the emergent importance of liquidity events (IPOs and trade sales) as
performance indicators for VC-backed academic spin-offs, empirical research on the drivers
of liquidity events relating to such spin-offs has been limited. In adopting a search
perspective, we analyze how different alliance types impact on VC-backed academic spin-
offs’ chances of realizing a liquidity event. We find that market search alliances increase a
spin-off’s likelihood of a liquidity event, whereas technology search alliances reduce this
likelihood. However, the latter effect is mitigated when the spin-off has a founding team with
prior market experience. We explore the implications for practice and policy of the

development and success of VC-backed academic spin-offs.

Keywords: liquidity event, academic spin-offs, alliances, search

1

© 2020 published by Elsevier. This manuscript is made available under the CC BY NC user license
https://creativecommons.org/licenses/by-nc/4.0/


https://creativecommons.org/licenses/by-nc/4.0/
https://www.sciencedirect.com/science/article/pii/S004873332030113X

1. Introduction

Technology ventures are innovative start-ups that bridge science and technology using
venture capital (VC) as a primary source of funding (Wry et al., 2014). Many are created
either by university scientists aiming to commercialize technology developed in the academic
setting (Mustar et al., 2008), or by entrepreneurs searching for technology developed at
universities to apply to specific market opportunities (Shane, 2000). Both types of technology
ventures have become known and are studied as ‘academic spin-offs’ (ASOs) (Wright et al.,
2007). ASOs are an extreme form of technology ventures that experience conflicting
demands of the academic and commercial world (Ambos and Birkinshaw, 2010) and face a
high level of market ambiguity (Molner et al., 2019). From a policy perspective, ASOs that
receive capital — so-called VC-backed ASOs — are the most attractive (Mustar et al., 2008), as
they are growth-oriented and may therefore contribute most prominently to economic growth
(Zhang, 2009).

However, empirical evidence shows that they rarely evolve into sizable, robust and
commercially successful independent players (Wright et al., 2007). Rather than entering the
product market (Moeen and Agarwal, 2017), these ventures tend to use other, less studied
value-capturing mechanisms such as trade sales or IPOs in the market for corporate control
(Wright and Fu, 2017). Therefore, researchers are increasingly interested in the market for
corporate control, i.e., the likelihood of liquidity or exit events,' as a performance measure
for such firms (Meoli et al., 2013; Moeen and Agarwal, 2017; Moeen, 2017). The market for
corporate control seems to be particularly dominant during periods of industry incubation,

when novel technologies have not yet found their way to the market (Moeen and Agarwal,

!'We use the terms “liquidity” and “exit” interchangeably (Aggarwal and Hsu, 2014).
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2017). It is this period of industry emergence that gives rise to technology ventures, and VC-
backed ASOs in particular.

Existing research on the exit probability of technology ventures points mainly to the
importance of sending out quality signals to overcome problems of information asymmetry,
in particular having a prominent partner on board has been shown to increase acquisition
probability (e.g., Colombo et al., 2019; Hoehn-Weiss and Karim, 2014; Reuer et al., 2012;
Cattaneo et al., 2015; Meoli et al., 2013). While this signaling perspective provides a useful
angle from which to explain how investors’ reactions to ventures differ according to the
prominence of the alliance partners with whom they engage, it does not consider the vast
variety of rationales for pursuing such alliances. To counter the shortcomings of these
theories, Wright and Clarysse (2020) call for research using behavioral theories to explain
technology ventures’ choices in their development paths.

We follow this recommendation by building on research by Andries et al. (2013) and
Gruber et al. (2008, 2013). Andries et al. (2013) show that after founding, ASOs engage
mainly in experimental activities when searching for optimal product—market combinations.
Gruber et al. (2008, 2013) have already shown the importance of identifying different
potential applications when founding a technology venture based on a particular technology.
However, they fail to adequately address the problem of technology entrepreneurs’ bounded
rationality. Members of the founding team are unlikely to have diverse commercial insights
(Vanaelst et al., 2006), and if they do, these are typically limited to considering the diversity
of product markets (Fern et al., 2012; Gruber et al., 2013). Hahn et al. (2018) have found
evidence that ventures founded by scientists engage in collaborative search specifically in
order to reduce the costs of the search process or broaden the range of search opportunities.
However, the authors also warn that such collaborations may lead to rigidity. Hence, it

appears that collaborative search does not always have a positive impact.



We build on these emerging insights to address the following research question: to
what extent does VC-backed ASOs’ use of alliances to search for market applications or
novel technological solutions impact on their chances of realizing a liquidity event? The
sample used to address this research question consists of 157 VC-backed ASOs that have
developed and commercialized technologies originating from universities in the UK. These
firms were founded between 1995 and 2010 and engaged in technology and/or market
searches by forming alliances. Alliances are voluntary arrangements between organizations
involving exchange, sharing, or co-development of products, technologies, or services
(Gulati, 1998). Our results show that market search alliances increase VC-backed ASOs’
likelihood of liquidity events, whereas technology search alliances reduce this likelihood.
Furthermore, we find that the negative effect of technology search alliances on the likelihood
of liquidity events is mitigated when the ASO has a founding team with prior market

experience. We discuss the implications of these findings for research and policy.

2. Theory and Hypotheses

It has long been recognized that firms face challenges resulting from a lack of market
information (Knight, 1921). Searches are a means to address these frictions associated with
imperfect knowledge and are central to the functioning of markets (Hayek, 1945). This
evolutionary view of markets is also fundamental to understanding the drivers of economic
growth, especially in the Schumpeterian tradition (Aghion and Howitt, 1992; Aghion and
Festré, 2017). ASOs’ lack of market information and the search processes in which they
engage are extensions of this tradition.?

In order to generate business opportunities by linking their technological resources with

identified market demand, ASOs must possess two interdependent types of knowledge:

2 We thank an anonymous reviewer for pointing this out to us.
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technological knowledge and market knowledge (Nerkar and Roberts, 2004). On the one
hand, technological knowledge is important as it enables firms to develop and build products
that meet customer demand (Clarysse et al., 2011). Greater technological knowledge offers
opportunities to develop a greater number and wider variety of innovative solutions (Gruber
et al., 2013). On the other hand, ASOs need a good understanding of the market in which
they wish to sell their products or services. Market knowledge allows them to assess which
market to enter, and complements technological knowledge by enabling new ventures to
judge how technological knowledge can be used to address market needs (Shane, 2000).
Market knowledge also informs firms about how to develop new products and services that
better satisfy customer needs than existing products (Katila, 2005).

Going beyond the role of technological and market knowledge, Danneels (2002)
introduces the concepts of customer and technological competence. In addition to knowledge
of customer needs and preferences, customer competence includes understanding of
purchasing procedures, distribution and sales, and access to customers, as well as
communication channels for exchanges of information between the firm and its customers
during development and commercialization. Similarly, technological competence is broader
than technological knowledge insofar as it also includes design and engineering, product and
process design equipment, manufacturing facilities and know-how, and procedures for quality
control. Since a larger set of business opportunities increases a firm’s growth options, ASOs
need to engage in search processes to fuel the accumulation of both types of competence.

The notion of searching as originally formulated in the behavioral theory of the firm
(Cyert and March, 1963). A fundamental premise of behavioral theory is that sets of
alternative actions are not available to actors ex ante, but must be constructed through
searching. Organizational searches have been conceptualized as a problem-solving activity in

which firms solve problems by combining different knowledge elements (Nelson and Winter,



1982). The organizational search literature distinguishes between search processes
undertaken to gain new technological knowledge and those carried out to gain new market
knowledge (Sidhu et al., 2007). Technology searching is the process of identifying, selecting
and coupling new technologies required to meet earlier identified customer needs. Similarly,
market searching is the process of exploring and scanning the market to identify potential
market applications based on existing, proprietary technologies.

Technology searches typically involve well-structured problems, which allow problem
solvers to rely on algorithms to search for solutions (Jeppesen and Lakhani, 2010). Such
algorithms inform problem solvers about the necessary steps and potential pathways to
finding the best solution (Dunbar, 1998). The algorithmic nature of technology searching
enables both definition of the problem that needs to be resolved and identification of the path
to reach the solution (Amabile, 1983). However, this does not mean that problems
encountered in technology searches are easy to solve (Simon, 1973); it simply means that
those problems and their associated solution criteria are relatively easy to articulate. In
contrast, market searches typically involve ill-structured problems, since the criteria for
assessing solutions are unclear. The heuristic nature of market searching makes it much more
challenging to identify pathways to solutions (Amabile, 1983). Accessing and assessing new
market knowledge is more challenging and difficult than gaining new technological
knowledge, as knowledge about markets is typically tacit in nature, and customer needs are
often unarticulated (Von Zedtwitz and Gassman, 2002).

Technology searches are planning-oriented, whereas market searches are a discovery-
based activity, as relevant knowledge can only be developed through in-market
experimentation (McGrath and MacMillan, 1995). To explore a range of potential market
opportunities, discovery-based market searching implies a series of small investments in

different market segments (McGrath, 2010). The objective of discovery-based market



searches is to learn as much as possible about each market segment as cheaply as possible by
postponing large resource commitments until assumptions are validated.

It is difficult to initiate the search process before an ASO is founded since there is no
prior experiential market knowledge in the pre-founding team to identify a viable long-term
technology—market combination (Grégoire et al., 2010). The lack of pre-founding experience
makes ASOs unique in comparison with other innovative startups that are founded by
employees of industry incumbents (Agarwal et al., 2017). ASOs therefore engage in alliances
with other organizations to economize on search costs (Hahn et al., 2018). Previous research
typically distinguishes between explorative and exploitative alliances, based on the function
in the value chain fulfilled by the alliance (e.g., Rothaermel and Deeds, 2004). This tradition
associates exploration with activities upstream in the value chain relating to technology, such
as R&D. Conversely, exploitation is associated with activities downstream in the value chain
relating to the market, such as distribution. Pure explorative alliances are conduits for
exploring new opportunities (see quadrant (4) in Figure 1), while pure exploitative alliances
are used to exploit existing opportunities (see quadrant (1) in Figure 1) (Koza and Lewin,
2000). However, this dichotomy is an oversimplification, as exploration and exploitation may
occur at both the technology and market level. In addition to pure exploration and
exploitation, Danneels (2002) suggests two intermediate cases: leveraging technological
competence and leveraging customer competence. The former involves exploiting existing
technological competences while exploring new market competences, whereas the latter
involves exploiting existing market competences while exploring new technological
competences. In essence, these two intermediate cases reflect the processes of market and
technology searches, respectively.

ASOs may engage with alliance partners to scan markets in which to leverage their

technological resources (see quadrant (3) in Figure 1), or may access external technology to



develop new solutions to serve their existing customers (see quadrant (2) in Figure 1). Market
search alliances are alliances in which the ASQO’s technological knowledge is complemented
by an alliance partner’s market knowledge in order to explore the value of the ASO’s
technology in the market served by the alliance partner. Technology search alliances are
alliances in which the ASO’s market knowledge is complemented by the alliance partner’s
technological knowledge. Figure 1 shows the link between the ASQO’s existing and new
market/technological competences and types of alliance.

---INSERT FIGURE 1 HERE---

In the next section, we explore how market and technology search alliances influence the

likelihood of liquidity events for VC-backed ASOs>.

2.1 Market search alliances

One of the main challenges confronting technology ventures and ASOs in particular is to
establish which market segments to target (Molner et al., 2019). They must explore and scan
the market to identify potential applications based on their existing technologies. This process
of technology-to-market linking can best be described as combining technological
competences with information on customer preferences and market demand. The main
challenge of market searches is to identify and evaluate end-user domains where the
technology can be meaningfully applied. Since ASOs typically are set up to commercialize
technology scoring relatively low on the technology readiness scale (Mankins, 1995), ASOs
still have to engineer products that make use of the underlying technology that forms the
reason for founding the ASO. The ASO must decide on product features, taking into
consideration the needs and preferences of target customers. However, the process of

technological development and market selection is highly uncertain, often ambiguous and

3 As we focus in this paper on the role of hybrid alliances aimed as at exploring new product-market
combinations, we do not consider pure exploitative and pure explorative alliances in the hypothesis
development. However, we do control for these alliances in our statistical models.
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inherently unpredictable, making it very hard for academic entrepreneurs, who typically lack
specific industry experience, to assess the likely potential of a business opportunity.

The literature on ASOs has shown that many university inventions are very explorative,
at early stages of technology maturity and facing considerable amounts of market ambiguity
(Clarysse et al., 2011; Molner et al., 2019). Considerable time may be spent in searching for
appropriate product markets for ASOs, involving time-consuming and costly reorientation
(Vohora et al., 2004). Because academic entrepreneurs typically lack market insights, market
searching can be described as an ill-structured problem. It is for them very difficult to define
clear criteria for assessing solutions (Jeppesen and Lakhani, 2010). When searching for
market applications based on their technology, they typically have no crystallized view of
target customers’ preferences and needs, making it impossible for them to link their
technology to specific applications and product features. To overcome this uncertainty,
academic entrepreneurs must experiment in the market using techniques such as prototyping
(McGarth, 2010). Unlike technology entrepreneurs that come from outside university, they
typically do not have a tight network of customers to kick start with (Baker, Eesley and
Miner, 2003) nor do they have specific experience in a market that would help them to
upfront link the technology to the market in a structurally aligned way (Grégoire et al., 2010).

Engaging in iterative cycles of market testing is both time- and resource-intensive. The
ASO must invest its limited resources in translating technological resources into products, as
well as in assets and capabilities to manufacture, distribute and provide after-sales services
(Fiedler and Welpe, 2010). As a result, it risks investing all its resources in a market segment
that may prove to be unattractive. The irreversibility of investments downstream in the value
chain makes this a risky option for ASOs.

Under such circumstances, entering into a market search alliance has several advantages.

It helps to avoid sunk costs relating to complementary assets, and also provides access to the



partner’s in-depth market knowledge (Gans et al., 2002). It further offers the ASO
opportunities for discovery-based learning and in-market experimentation without the need to
invest in costly customer competences (Danneels, 2008). In addition, ASOs’ technological
competences are regarded as fungible, meaning that they can create value for end-users in
multiple market domains and therefore transcend the product in which the technology is
embodied (Danneels, 2007). Market search alliances allow ASOs to leverage their technology
across new potential markets. This increases their business opportunity set without the need
for additional investments in downstream markets. Each additional market search alliance
also accelerates discovery-based learning and in-market experimentation, thereby
contributing to the creation of firm value (De Cock et al., 2018). A higher number of business
opportunities also increases the growth options and thus firm value (Gruber et al., 2008).
While market search alliances may not necessarily contribute to revenue and profit generation
in the short-term (they may even require resource investments), engaging in such alliances
increases the future growth potential of the ASO and thus the likelihood of a liquidity event.
We therefore hypothesize:

H]1: The number of market search alliances will have a positive influence on the likelihood

of a liquidity event for a VC-backed ASO.

2.2 Technology search alliances

Technology searches are less challenging for ASOs than market searches, as they entail
clearly identified goals and a clearer approach to problem solving. Here, the ASO starts with
an identified market need and engages in a search process to develop a solution. It will
optimize its technology to address the market need identified at the outset. This can be seen
as a problem-solving activity in which the search space is clearly defined in terms of both the
outcome (i.e., what the organization is looking for) and the locus of search (where the

organization is looking for a solution). Since the opportunity space upon which an ASO is
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founded is typically a technology developed at a research lab (Molner et al., 2019), the
knowledge needed to solve the technological problem is within the ASO’s knowledge space,
it is highly likely to be able to solve the problem internally (Afuah and Tucci, 2012). This
implies diminished added value from using alliance partners for this type of search.

In contrast to market searches, where both risk and rewards are shared, technology
searches using alliances involve sharing only the value created through the integrated
technology/product offering. Furthermore, IP issues are more pronounced in technology
searches than in market searches (Arora and Nandkumar, 2011). This is especially the case
for ASOs which have been shown to benefit from building a sound technology base before
even thinking about customers (Molner et al., 2019). The difficulties of managing joint
technology development, and of monitoring when inputs are hard to observe, may undermine
the added value of alliances (Jeppesen and Lakhani, 2010). Because of their weak bargaining
position, ASOs may cede their IP rights disproportionately to their technology alliance
partners (Rothaermel and Deeds, 2004), who are more likely to appropriate most of the value
of the partnership at the expense of the ASO (Alvarez and Barney, 2001). Even if it were
possible to write contracts covering all contingencies, ASOs’ limited financial resources
would make it very difficult to enforce them. Under such circumstances, developing
complementary technology in-house offers the highest value creation potential for ASOs.

ASOs are distinctive in often involving broad-based technologies, which provide scope
for multiple products and greater growth (Clarysse et al., 2011). However, technology
searches through alliances to address technological solutions for particular market needs are
likely to narrow this broad base. This reduces the fungibility of the technology, thus
decreasing the potential number of product applications that can be created by the ASO
(Gambardella and McGahan, 2010), as well as diminishing the firm’s ability to respond to

technological changes by introducing new products (Kapoor and Adner, 2012). It further
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delays the new product development process, thereby decelerating the ASO’s early cash flow,
visibility, legitimacy and market share, which leads to a less favorable resource-dependence
position for the ASO (Schoonhoven et al., 1990). Each additional technology alliance
increases the associated costs, thereby reducing firm value. We therefore hypothesize:

H2: The number of technology search alliances will have a negative influence on the

likelihood of a liquidity event for a VC-backed ASO.

2.3 Prior experience and market and technology search alliances

Besides the type of alliances in which they engage, ASOs also differ with regard to the
knowledge and expertise of the founding team. While founding teams in pure ASOs consist
only of teams of researchers, hybrid ASOs also employ founders from outside the university,
who may bring valuable commercial expertise (Fryges and Wright, 2014). Previous studies
show that entrepreneurial teams’ prior knowledge of technologies and industries influences
their identification of business opportunities (see Grégoire et al., 2010; Gruber et al., 2013).
Building on these insights, we now turn our attention to how the entrepreneurial team’s prior
technological and market experience may moderate these relationships in VC-backed ASOs.

In market search alliances, the ASO’s technological resources are linked with the
alliance partner’s market knowledge to identify new business opportunities. Such alliances
allow the ASO to exploit its fungible technological resources across multiple market
domains. ASOs often face considerable market ambiguity, which implies that there are
different markets in which the technology might be applied but none of these markets is easy
to prioritize upfront. Recent literature has shown that accepting market ambiguity rather than
focusing too early on a particular end user pays off (Molner et al., 2019). This requires them
to have comprehensive insight into how the technology can be used to develop products and
services for more distant markets (Gruber et al., 2013). In-depth knowledge of the technology

allows rapid identification of its functionalities, strengths and weaknesses and allows to
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broadcast the technology to search for partners (Afuah and Tucci, 2012). Consequently, a
thorough understanding of the technology’s attributes is vital to identifying potential
applications enabled by the technology (McGrath and MacMillan, 2000). Technologically
experienced teams also have the necessary absorptive capacity to use market-related inputs
from the alliance partner in order to select product features that more effectively address
customers’ needs and preferences. In contrast, technologically inexperienced teams will find
it more difficult to recognize how their technology can be used for a market opportunity
proposed by an alliance partner. This means that the process of technology—market linking
through market search alliances will be more productive for ASOs with technologically
experienced teams than with teams lacking such experience.

Technology search alliances in contrast, link ASOs’ market knowledge with alliance
partners’ technological knowledge. Some ASO teams may involve academics with
commercial experience from involvement in previous entrepreneurial ventures (Mosey and
Wright, 2007), or who have contacts through which to recruit members from outside
academia with commercial experience (Rasmussen et al., 2011, 2016). Other ASOs are
formed of mixed teams consisting of both founders with a purely academic background and
founders with commercial/market experience (Fryges and Wright, 2014). ASO teams with
members who have prior market experience are likely to have a better understanding of
market dynamics and market needs and preferences, and will hence initially be in a better
position to search for, negotiate and establish alliances. ASOs that score relatively low on the
technology maturity scale (Molner et al., 2019) will still need to focus on their internal
technology development. However, those that have more developed technologies to start-
from could potentially focus on end users immediately. Such a focus might trigger the need

for additional complementary technologies to address the market problem.
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Technology search alliances are triggered by identification of a new need in the ASO’s
existing customer groups. However, the ASO’s technology may be insufficient to develop an
appropriate solution addressing that need, and it must therefore rely on an alliance partner
with complementary technology. We expect a positive influence of the presence of prior
market experience on the relationship between technology search alliances and the likelihood
of liquidity events for VC-backed ASOs. This deeper market knowledge should enable the
ASO to better articulate customer needs and preferences to the technology search alliance
partner, which in turn should allow the alliance partner to make choices about specific
product features more efficiently.

To conclude, levels of prior technological and prior market experience may play an
important role in the effect of market and technology searches on the likelihood of liquidity
events for VC-backed ASOs. Hence, we propose the following moderation hypotheses:

H3a: The positive effect of market search alliances on the likelihood of liquidity events for
VC-backed ASOs will be stronger for SOs with greater prior technological experience.
H3b: The negative effect of technology search alliances on the likelihood of liquidity

events for VC-backed ASOs will be weaker for SOs with greater prior market experience.

3. Data and method

3.1 Sample

We tested our hypotheses using a sample of VC-backed ASOs that had developed and
commercialized technologies originating from British universities and had been founded
between 1995 and 2010. We started with the population of ASOs listed on
www.spinoutsuk.co.uk. This website provides an overview of all spin-offs emanating from
UK universities, with information about their origin, activities, growth and status. The

website distinguishes between spin-offs (based on university IP), start-ups (formed by
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university staff and recent graduates, but not based on university IP) and others. From this
list, we selected so-called spin-offs founded between 1995 and 2010 (Lockett and Wright,
2005). We set the lower bound of the firm’s foundation year at 1995, since the period from
the mid-1990s was characterized by professionalization of technology transfer offices (TTOs)
in the UK as a result of government actions to stimulate entrepreneurial activity in
universities and research institutes (Lockett et al., 2014). The upper bound was set at 2010 to
allow sufficient time for the occurrence of alliances and exits. With these restrictions, we
identified 1,097 spin-offs through www.spinoutsuk.co.uk, of which 265 had attracted VC
funding. Our focus on VC-backed ASOs also justified using the realization of a successful
exit as an indicator of performance and value capture, because these firms face “liquidity
needs arising from the venture capital cycle, creating pressures to pursue exit opportunities”
(Aggarwal and Hsu, 2014 p.872). Moreover, quality screening of VC involvement (Kortum
and Lerner, 2000) provided our sample with a desirable level of homogeneity. We tracked the
companies from the year of foundation until 2013, or the year of exit if earlier (including the
exit events of PO, acquisition, bankruptcy or dissolution). Therefore, left censoring was not
an issue in our sample. However, there was right censoring because many firms were still

active in 2013 and had not yet realized an exit.

3.2 Dependent variable

Our dependent variable records a liquidity event in terms of whether the VC-backed
ASO was able to realize a successful exit. Following Arora and Nandkumar (2011), we
define successful exit as an IPO or acquisition in which the price paid exceeded the total
amount of VC received. Companies acquired at a price that did not cover the amount of VC
raised were classified as failures, along with bankrupt and dissolved firms. As failure

prevents the event of interest from occurring, it is important to track which companies failed
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before they could realize a positive exit. Bankruptcies and dissolutions were tracked using

information from Companies House provided by the British government.*

3.3 Independent variables and moderators

In this study, we distinguish four alliance types: pure explorative, market search,
technology search and pure exploitative. Similarly to previous research (e.g., Rothermael and
Deeds, 2004), we used a publicly available data source, Factiva, to track the alliances in
which the ASOs engaged. VC-backed firms are typically well covered in the press; therefore,
relying on public sources such as Factiva should not induce severe selection bias. For each
company in the sample, a search was conducted using the query: “Company name” and
“university of origin” and (“partner” or “license” or “cooperate” or “seller” or “distributor”
or “collaborate” or “collaboration” or “cooperation” or “alliance” or “partnership”). The date
range for the query was the year of foundation until the year of exit or 2013, whichever was
earlier. Subsequently, press releases were screened and coded independently by two of the
authors to categorize the alliances according to the alliance types presented in Figure 1. A
total of 521 partnerships for 157 ASOs were coded, with between-coder agreement in 86.41%
of cases (Cohen’s Kappa = 0.81). When different classifications were given, the two authors
discussed the case until they reached agreement. The press releases were complemented with
information from companies’ websites to assess markets that had already been identified by
the ASOs. More specifically, we consulted the archived versions of the companies’ websites
to determine the markets in which the ASOs were active. We considered an ASO to have
competences in a certain market segment if its website indicated market presence in that
particular segment. Illustrative examples of each type of alliance are available in Appendix

1.1. to demonstrate the coding process of the alliances.

* Companies House is accessible at https://www.gov.uk/get-information-about-a-company.
> We added university of origin to the query to increase the reliability and relevance of the search results.
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Pure explorative alliances were coded as such if the objective was to develop an entirely
new technology or product for which the company had no customer competences. In many of
these alliances, the alliance partner was a university or public research institute, but
partnerships with private companies could also be purely explorative. The pure explorative
alliances variable reflects the total number of pure exploration alliances entered into by the
ASO between the year of foundation and exit (or 2013).

Alliances were coded as market search alliances when the ASO’s motive for entering the
alliance was to exploit its technological competences in a market new to the ASO. In
collaborating with a third party, an ASO explores a new potential market and gains access to
market-related competences. Thus, to qualify as a market search alliance, the ASO should
contribute technology-related competences, while the partner should bring market-related
competences to a market new to the ASO. The market search alliances variable reflects the
total number of market search alliances entered into by the ASO between the year of
foundation and exit (or 2013).

An alliance was classified as a technology search alliance when the ASO sourced a new
technology or product from an external party to address demand from the market it was
currently serving. Thus, in contrast to market search alliances, in a technology search
alliance, the partner contributes technology-related competences, while the ASO delivers
market-related competences. The technology search alliances variable reflects the total
number of technology search alliances entered into by the ASO between the year of
foundation and exit (or 2013).

Finally, pure exploitation alliances were coded as such if the motive for the alliance was
to exploit the ASO’s technological competences in an existing market. The purpose of such
alliances is to generate revenue streams from existing technologies and/or products through

arm’s-length agreements, as is typical of distribution agreements. The pure exploitation
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alliances variable reflects the total number of pure exploitation alliances entered into by the
ASO between the year of foundation and exit (or 2013).

We also created two variables for the founding team’s level of prior experience to test
for interaction effects. We distinguished between prior market and prior technological
experience. Following, Fern et al. (2012), we constructed the team-level measures by
considering the most experienced member in the team. We limited this to members of the
founding team because these best characterized the group overall (Gruber et al., 2008). Two
dummies were created to distinguish between experienced and less experienced teams. Prior
technological experience was given a value of 1 if any team member had a PhD in the
technological area of the ASO, and 0 otherwise. Similarly, prior market experience was
coded as 1 if any of the founders had industrial experience in the targeted market
applications. To track the founders’ prior technology and market experience, archived web

pages, LinkedIn and Crunchbase were consulted.

3.4 Control variables

Age. The age variable represents the number of calendar years between year of
foundation and year of exit or 2013 (Ransbotham and Mitra, 2010).

Industry dummies. Because exit opportunities may differ across industries, we controlled
for industry using two dummy variables, one for the ICT industry and one for the biotech and
life science industry. These two sectors captured 79% of the ASOs in our sample (ICT = 24%
and biotech and life science industry = 55%), and the remaining 21% of sample firms fell into
the excluded category of “other industries.” These industry classifications were obtained from
the www.spinoutsuk.co.uk website.

VC rounds. The number of VC rounds was included as a control variable to indicate
venture quality and performance (Nahata, 2008). This variable measures the cumulative

number of VC rounds in which the ASO was involved in a given year. Together with age,
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this variable captures the ASQO’s stage of development and indicates the maturity and growth
options available to the firm.

Pre-financial crisis dummy. The financial crisis had severe consequences for financial
markets. As a result, it became more difficult for a company to realize an IPO or trade sale.
Therefore, we included a dummy that was set to 1 from the year 2008 onwards.

Patents at founding. We also used patent stock to control for ASO quality. Patents offer
potential investors a valuable signal of the quality of the firm’s technical capabilities (Hsu
and Ziedonis, 2013). To determine the patent stock of the ASO, we consulted data provided
by the European Patent Office. As this variable was highly skewed, we took the natural log of
the ASO’s total number of patents in a given year plus one.

University ranking. Previous research has demonstrated that a company’s affiliations
impact significantly on performance (Cattaneo et al., 2015; Reuer et al., 2012). At start-up,
the university of origin was the most powerful affiliation for the companies in our sample.
This affiliation might have an impact not only on the alliances that the ASO was able to form,
but also on its likelihood of realizing a successful exit. Therefore, we added university
ranking as a control variable to our model, as prestige is typically proxied by university
rankings (Zahra et al., 2007). We used the Times Higher Education World University
Ranking.

University spin-off experience. We controlled for the host university’s experience of
spinning off ventures, as more experienced universities might have developed more effective
mechanisms to support ASOs than their less experienced counterparts (Lockett and Wright,
2005). This variable counts the number of ASOs created before the foundation of the focal
ASO.

Prominence of the partner and Prominence of the investor. Finally, we included two

control variables that capture the prominence of the alliance partners and investors.
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Following Lavie (2007) and Reuer et al. (2012), we constructed a dummy variable equal to 1
when the alliance partner was publicly listed. Publicly-listed organizations play the role of
public endorsers who are well-known and appreciated by outsiders. The control variable
Prominence of the partner is equal to 1 when at least one of the ASO’s alliance partners is
prominent, and zero otherwise. Following Reuer et al. (2012), we identified an investor as
prominent if the number of IPOs by its portfolio companies was above the median number of
IPOs realized by all VCs during the period 1995-2013. The control variable Prominence of
the investor is equal to 1 if at least one of the ASO’s investor is prominent, and zero

otherwise.

4. Results

Table 1 presents descriptive statistics and correlations for the sample of VC-backed
ASOs with alliances. Table 2 provides an overview of how exiting companies differed from
their active and failed counterparts. The average age of ASOs that realized successful exits
was 7.90 years, while the age at failure was higher (mean of 9.68 years). The table further
shows that the number of market search alliances was substantially higher among ASOs that
were able to realize an IPO or trade sale (1.38) compared with failed ASOs (0.64) or those
that were still active (0.97). A similar trend can be detected for pure exploitative alliances.
Regarding technology search alliances, we see no substantial differences between active
ASOs and those that realized an exit, with 0.92 and 1.00 alliances on average, respectively.
However, failed ASOs seemed to engage more frequently in technology search alliances,
with 1.64 alliances on average.

---INSERT TABLES 1 AND 2 HERE---

Following Arora and Nandkumar (2011), we estimated a competing risks model in which

we considered two possible exit events: successful exit (IPO or trade sale) or failure. For our
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purposes, a competing risks model was most appropriate. In essence, competing risks models
are a generalization of binary exit models, but offer a number of important improvements
over binary models such as traditional survival models. First, competing risks regressions
take into account that failed companies are no longer able to realize a successful liquidity
event (i.e., the exit event of interest in our model). Second, this type of regression model
allows the covariates to influence each exit type separately. Third, competing risks models
also take into account that the exit may not yet have occurred at the time of analysis (in our
case 2013). Indeed, some VC-backed ASOs had not realized a liquidity event by the end of
2013 but were still operating independently.

Of the 265 VC-backed ASOs, 157 had alliances. As the chances of realizing a successful
exit might be affected by unobserved factors that might also influence the formation of
alliances, our findings were potentially subject to endogeneity. To address this problem, we
performed a conventional Heckman two-stage approach (Heckman, 1979; Greene, 2012). In
the first stage, we estimated a probit model to predict the likelihood of ASOs forming
alliances, using the full sample of 265 VC-backed ASOs. As an instrument for the selection
model, we used a dummy variable reflecting whether the founding team included faculty
members of the university from which the company had been spun off. The inclusion of
faculty members in the founding team may function as a quality signal, increasing the
chances of entering into third-party collaborations. However, it is expected that the effect of
this signal diminishes over time and is no longer valuable at the moment the firm is subjected
to due diligence for an IPO or acquisition. Our statistical analysis confirms the suitability of
this variable as a selection instrument®. Based on these results, an inverse Mills ratio was

included in our models, using the sample of 157 VC-backed ASOs with alliances. Entering

® The correlation matrix available in Appendix 1.2. together with the probit analysis available in Appendix 1.3.
shows that having a faculty founders correlates significantly with the probability of entering into a partnership
but not with the probability of an exit.
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the inverse Mills ratio into the competing risks model predicting the probability of a
successful exit did not change the sign and significance of the coefficients in our model.

The findings from our competing risks analysis, presented in Table 3, show the results of
predicting successful exit probability. Based on this competing risks model estimation, we
also estimated the Kaplan-Meier curves to plot the exit function over time (see Figure 2a and
2b). In particular, we estimated these functions to compare ASOs with and without
technology search and market search alliances. Figure 2a shows that ASOs with market
search alliances exhibit a higher probability of realizing a successful exit (although, as the
confidence intervals overlap, these results are not significant). The picture of technology
search alliances (see Figure 2b) is somewhat more ambiguous, as it seems to indicate that in
the early years having no technology search alliances is beneficial, while over time this effect
reverses and ASOs with technology search alliances have higher exit probabilities. Yet these
Kaplan-Meier estimates show the influence only of categorical variables, and thus do not
show the effect of the number of alliances. These effects are demonstrated in our competing
risks analysis.

In our sequential analysis, Model 1 constitutes the base model, including only the control
variables. We introduce our main independent variables in Model 2 of Table 3. Model 2
shows that, consistent with hypothesis 1, market search alliances have a positive effect on the
likelihood of realizing a successful exit (8= 0.23, p < 0.05). Furthermore, consistent with
hypothesis 2, Model 2 demonstrates that technology search alliances have a negative effect
on the likelihood of realizing a successful exit (8= -0.39, p <0.01).

Model 3 of Table 3 presents the results for interaction effects. Hypothesis 3a predicted
that the positive effect of market search alliances on the likelihood of a liquidity event would
be stronger for ASOs with greater prior technological experience. Although the coefficient of

the interaction term is positive, it is not significant and thus hypothesis 3a is not supported.
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Similarly, we expected that the presence of high levels of prior market experience would be
beneficial and would weaken the negative effect of technology search on the likelihood of a
liquidity event. As the coefficient for this interaction term is positive and significant (£ =
0.57, p <0.05), hypothesis 3b is supported.

To facilitate interpretation of the significant interaction effect, we replace the single
interaction indicator (Market experience X Technology search alliance) with two separate
indicators. The first refers to ASOs with technology search alliances and low market
experience, while the second refers to ASOs with technology search alliances and high
market experience. The advantage of representing the results in this way is that the total
group effects are easier to interpret than in a classical interaction model (Christensen et al.,
2013). Model 4 in Table 3 shows the results of a competing risks regression including these
two indicators, and shows that the effect of technology search alliances is significantly
negative for ASOs with low market experience (3 = -0.60, p < 0.01), but is insignificant for
those with high market experience. The negative impact of technology search alliances is thus
cancelled out for firms with high market experience.

---INSERT TABLE 3 HERE---

4.1 Post hoc analysis’

As previous research indicates that technology firms are often acquired by their partner
firms (Porrini, 2004), our results might have been driven by this effect. To check for this
possibility, we ran a number of additional analyses. First, we constructed a dummy variable
indicating whether one of the ASO’s alliance partners was the acquirer. Including this
variable did not change the significance of our results. Next, we excluded ASOs that had

been acquired by one of their partners. Again, the results remained robust.

" Results are available from the authors on request.
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To further test the robustness of our findings, we added a number of additional control
variables, such as patent stock to date (rather than at founding) and amount of VC, both as
proxies for VC-backed ASOs’ quality. Including these variables did not change the
significance or direction of the hypothesized effects. Our results also remained robust when
excluding ASOs with multiple alliances with the same partner, as well as when adding year
fixed effects, and with a different operationalization of university ranking using the
Academic Ranking of World Universities rather than the Times Higher Education ranking.
Lastly, we also examined if the prominence of the partners influenced the results. When
counting the number of prominent partners and VC investors instead of including a dummy
variable, the results remain robust. Next, we only considered alliances with prominent
partners in our count variables. Again we find confirmation of our previous results and
observed a positive and significant effect of market search alliances and a negative and
significant effect of technology search alliances on the likelihood of realizing an exit.

In addition to testing the effect on the probability of realizing a successful exit through
an IPO or trade sale, we also tested the effect on the probability of failure. The results show
that market search alliances reduce the probability of failure while technology search
alliances increase the probability of failure. Therefore, these results provide further support
for the value-reducing effect of technology search alliances and the value-adding role of
market search alliances. Similar conclusions were drawn from running a multinomial
regression distinguishing three types of exits (failure, IPO and trade sale).

Finally, we also ran a competing risks model on the complete sample to test the effect of
the absence of alliances. In this model, we find a significant and negative effect of absence of
partnerships on exit probability (5= -0.80, p < 0.05). Subsequently, we added two dummy
variables for absence of market search alliances and absence of technology search alliances.

Regarding the former, we find a negative and significant effect (8= -0.65, p < 0.05) on
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successful exit probability, while a positive and significant effect is found for the latter (5=
0.50, p < 0.05). This provides further support for our conclusion that market search alliances

create firm value, while technology search alliances reduce firm value.

5. Discussion

Researchers are increasingly seeking to gain a better understanding of liquidity events as
a primary performance measure for entrepreneurial firms. We adopted a behavioral
perspective to investigate how market and technological alliances as search mechanisms
contribute to realizing liquidity events for VC-backed ASOs.

Our study makes several contributions. First, we show that behavioral theory, and more
specifically the search and learning literatures, offer important but neglected theoretical
insights into the likelihood of liquidity events in the context of VC-backed ASOs. We show
that the use of external partners in market and technology search processes impacts on the
ultimate goal of a VC-backed ASO, namely the liquidity event. Therefore, this paper
complements the economic view of liquidity events, which focuses primarily on the role of
alliance partners in decreasing information asymmetry, with a behavioral perspective that
considers the functional use of such alliances. In doing so, our study highlights the
importance of alliances as channels for searching for new markets. Whereas searches for new
technologies have been widely covered in the literature, demand-side searches for new
markets have received much less consideration (Sidhu et al., 2007).

Second, we further elaborate and extend the growing body of literature on exploitation—
exploration alliances by building on the concept of competence leveraging (Danneels, 2002).
Whereas previous studies have typically characterized alliances as a dichotomy between pure
explorative and pure exploitative alliances (e.g. Rothermael and Deeds, 2004), we argue that

between these two extremes is a hybrid type of alliance, in which firms engage in exploration
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in one area (market or technology) while simultaneously exploiting another area (technology
or market). As a result, we shed new light on how firms may achieve ambidexterity through
alliances. Koza and Lewin (2000) have already observed that hybrid alliances involve
upstream as well as downstream value chain functions. However, previous studies have
considered knowledge exploration and exploitation as activities pursued simultaneously by
both alliance partners. In differentiating between market and technology search alliances, we
further refine the concept of hybrid alliances by taking account of the perspectives of both
focal firm and alliance partner.

Our findings also contribute to scarce empirical work on the performance implications of
exploration and exploitation (Lavie et al., 2011). We show that pure explorative alliances are
not associated with increased chances of realizing a liquidity event, whereas pure exploitative
alliances are significantly positively related to liquidity events. Because a liquidity event is
typically a long-term performance measure for VC-backed firms, this finding seems to be at
odds with the notion that exploitation provides returns in the short term while exploration is
needed to achieve value creation in the long term (March, 1991). Indeed, previous empirical
work indicates that pure explorative alliances contribute to long-term success (e.g., Afuh and
Menguc, 2005). However, engaging in pure exploitative alliances provides young firms with
opportunities to make more efficient use of their existing knowledge and capabilities
(Yamakawa et al., 2011).

Finally, our study advances the literature on academic entrepreneurship by extending
understanding of the expertise required to enable VC-backed ASOs to develop sufficiently to
reach a liquidity event. While much research on the development of spin-offs has drawn
attention to the human and social capital of the founding team internal to the spin-off, our
findings extend this research by showing the importance of the external expertise inherent in

alliance partners. We also extend the previous research finding that technology possessed by
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spin-offs tends to involve quite broad platforms that may be far from the product market
(Clarysse et al., 2011). While this research has observed that there may be significant value in
spin-offs’ technology, we contribute by showing that this alone seems insufficient to attract
potential investors (acquirers or public investors). Rather, in order to be “exit ready”, VC-
backed ASOs seem to need to demonstrate to potential acquirers that there are clear routes to
the product market for the technology. Especially ASOs are in need for market search whilst
avoiding over-commitment in a certain market (Molner et al., 2019). Market search alliances
allow them to do so by economizing on search costs and thus serve as an attractive alternative
to approaches previously identified in the literature such as simultaneous experimentation
(Andries et al. 2013) and technology broadcasting (Afuah and Tucci,2012). We show that the
use of market search alliances indeed positively impacts liquidity events and as such is an
important way of dealing with market ambiguity, thereby providing an important addition to

this recent conversation on how to deal with market scoping.

5.1 Implications for practice and policy

In addition to these contributions to research, our findings have implications for
managers of ASOs. In particular, we show that alliance type matters to VC-backed ASOs’
realization of liquidity events. Our findings suggest that these firms should invest primarily in
setting up market search rather than technology search alliances. The importance of using
alliances to access customer competence specifically addresses Meyer and Utterback’s (1995,
p. 302) observation that “for technology-based firms, it is more difficult to learn about new
markets than it is to learn about new technologies.”

Our insights also have implications for TTOs. One of their main concerns is to develop
external networks that are likely to be useful to the success of the spin-off ventures they

create to commercialize IP from the lab. In particular, our results show that they should be
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mindful of which firms might be the most appropriate alliance partners to help them
eventually to realize capital gains.

Universities also develop links with VC firms as a source of both investment funds and
expertise (Wright et al., 2006). Our findings suggest that universities should consider
developing links with VC investors that are able to contribute their networking role to spin-
off firms’ success. VCs should direct their networking efforts towards market search and pure
exploitation alliances.

Our finding regarding the importance of market experience in a spin-off’s founding team
has policy implications for the creation and development of such teams. While this clearly
indicates that TTOs and founders need to foster the inclusion of team members with
experience in the spin-off’s market sector, it also implies that they need to develop
mechanisms to identify and recruit such members, especially if they are to be drawn from
outside the university. For example, TTOs’ development of links with corporations that may
be potential alliance partners may also provide a mechanism for identifying potential team
members with market experience in the relevant sector.

The insight that ASOs benefit significantly from forming market search alliances has
interesting policy implications. While market experimentation through alliances clearly helps
ASOs to find an optimal technology market space and leads to a liquidity event, it could also
imply that, after a trade sale, these companies stay rather small. So, on the one hand
innovation policies rightfully should stimulate incumbents to set up experiments with ASOs
to increase the value of the commercialized research, but on the other hand such experiments
might lead to trade sales. If incumbents are then located in a different region or country, the
net benefits for the local economy of the policy are limited. Whilst many ASOs aim to
commercialize potentially disruptive technologies, most of them have no disruptive

innovation strategy in Christensen’s terms, i.e. focusing on end users in a niche market and
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vertically integrate in that market. Instead, market search alliances with incumbents pay off

more on the shorter term, but do not lead to the unicorns policy makers might desire.

5.2 Limitations and further research

Several limitations in our study open up areas for future research. First, we examined our
hypotheses in the context of UK-based, VC-backed ASOs. This research design has benefits
with respect to reducing environmental and ASO heterogeneity. However, the UK has a
mature VC market (George and Nathusius, 2007) and a strong market for corporate control
(OECD, 2004), which facilitate M&A activity. Also, ASOs are very diverse, and VC-backed
ASOs are only a subset of the broader population. For example, Horta et al. (2015) point to
necessity ASOs, while Mustar et al. (2008) identify prospector and lifestyle ASO. Future
studies of different types of ventures beyond VC-backed ASOs, and of other countries with
different institutional arrangements and VC market development would contribute to the
generalizability of our findings. In addition, future studies might also adopt a more nuanced
perspective on the performance of VC-backed ASOs. In this study, we employed an
economic value-capturing perspective by considering a liquidity event to be successful only
when the acquisition price covered the amount of VC invested in the ASO (Arora and
Nandkumar, 2011). However, from a societal value-capturing perspective, the acquisition of
a VC-backed ASO implies that the technology is transferred to the acquirer and may be
developed into future products and services, regardless of the acquisition price.
Consequently, “performance” may potentially be ambiguous, depending on whether one
adopts an economic or societal perspective on value capture (Powell and Sandholtz, 2012).3
Moreover, research has shown that academic founders differ in their emphasis on commercial
goals (Huyghe et al., 2016), and prioritizing non-commercial goals causes academic

entrepreneurs to resort less to external sources of information (Hahn et al., 2018). While VC

8 We thank an anonymous reviewer for pushing our thinking on this point.
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backing ensures a focus on commercial goals, more research is needed to understand how the
tension between commercial and non-commercial goals affects external collaborations, and in
turn the likelihood of liquidity events.

Second, future studies might examine how characteristics of the alliance partner may
function as boundary conditions in market and technology search. Factors such as partner
reputation may be important for contextualizing the alliance in terms of the likelihood of a
liquidity event relationship. For example, working together with a reputable partner may
strengthen the positive influence of market search but exacerbate the negative effect of
technology search. Indeed, reputable partners may have beneficial access to downstream
markets, which will enhance detailed information on customer needs and preferences.
However, collaborating with such a partner in order to access technologies may be more
complicated. Owing to a greater imbalance in bargaining power when collaborating with a
reputed partner, discussions about IP issues may be more prevalent, and the risk of
appropriation may be higher. We leave it to future empirical studies to incorporate such
characteristics into their research design.

Third, future research might investigate why ASOs engage in technology search alliances
even though they are, on average, detrimental to realizing a liquidity event. Previous research
in the R&D alliance literature provides some guidance on the potential drivers of technology
search alliance activity. For example, they offer the opportunity to pool complementary
technological resources and thus expedite solution development (Powell et al., 1996).
Furthermore, engaging with incumbent partners for technology search may enable ASOs to
gain a foothold in a specific ecosystem (Adner and Kapoor, 2015). Future research might
usefully examine when these factors tend to be more closely associated with reducing the
likelihood of a liquidity event, and when they may contribute positively towards such an

event.

30



Fourth, future research might explore the dynamics of alliances in more detail using
qualitative research designs. While we take a static perspective, alliances are dynamic, since
initial motivations and objectives and the structural arrangements under which the alliance
partners cooperate may change over time (Mayer and Argyres, 2004). Scholars addressing
alliance dynamics might consider employing configurational logic, since both strategy-related
and structure-related characteristics of the alliance may change over time (Payne, 2006).°

Fifth, future research might also consider exploring the role of innovation brokers in
facilitating ASOs’ search for market and technology partners. Brokers are intermediaries who
enable collaboration between organizations but are not involved in the innovation process
(Winch and Courtney, 2007). Specifically, we suggest that future research might explore the
role of generalist and specialist brokers in seeking market and technology search partners
(Gianiodis et al., 2010).

Notwithstanding these limitations, our study provides novel insights into the role of
different types of search alliance in helping VC-backed ASOs to realize a liquidity event. In
summary, we hope that our insights will pave the way for more fine-grained analysis of the
nature, role, sequencing and configuration of search alliances by ASOs and other high-tech

firms.
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Tables

Table 1: Descriptive statistics and correlations (N = 157)

Mean S.D. 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Success exit 0.25 0.43
Age 9.28 347 023
ICT dummy 0.24 043 .08 0.02
Biotech dummy 0.55 0.5 0.10 0.10 -0.63
Pre-financial crisis 0.14 0.35 057 -0.38 0.07 -0.01
VC rounds 3.31 291 008 022 012 -006 0.14
Patents at founding 10.55 18.19 0.00 0.06 -0.07 0.03 -0.02 0.28
University spin-off experience 13.26 11137 024 -040 -0.08 -0.12 -023 0.00 0.14
University ranking 98.36 1376 023 000 011 -0.13 -0.16 -026 -022 -0.27
Prominent VC 0.58 048 002 005 009 -019 008 029 -003 -0.11 008
Prominent partners 0.46 045 014 011 00l 007 014 005 003 -0.13 -0.17 0.02
Pure explorative alliances 0.33 050 -0.12 0.07 -0.04 008 -007 008 015 -0.01 007 003 -0.09
Pure exploitative alliances 0.76 050 0.2 000 022 -020 002 003 007 -004 001 013 022 -0.07
Technological experience 0.71 066 006 002 -0.17 003 001 -002 004 003 -0.15 000 000 -0.08 -0.20
Market experience 0.35 164 001 -013 002 -001 00l 007 000 011 011 000 -012 002 007 -0.60
Market search alliances 1.03 L51 015 017 001 009 005 021 018 -003 -020 -0.10 034 -004 0.15 001 -0.03
Technology search alliances 1.04 1.61 003 008 006 004 010 030 020 005 -038 000 028 -008 007 -001 004 024

Note: Correlations of 0.16 or higher are significant at p < 0.05, two-tailed tests.
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Table 2: Descriptive statistics by exit type (N = 157)

Active companies Successful exit Failures
N =96 N=39 N=22
Age 9.75 3.33 7.90 3.55 9.68 3.41
ICT dummy 0.26 0.44 0.18 0.39 0.27 0.46
Biotech dummy 0.51 0.50 0.64 0.49 0.59 0.50
Pre-financial crisis 0.00 0.00 0.49 0.51 0.14 0.35
VC rounds 3.08 2.65 3.92 3.41 3.18 3.03
Patents at founding 10.19 16.71 13.49 24.48 6.95 8.95
University ranking 121.71 123.02 54.54 74.69 74.14 83.10
University spin-off experience 16.09 14.99 7.62 8.91 10.91 12.04
Prominent VC 0.57 0.50 0.56 0.50 0.63 0.49
Prominent partners 0.40 0.49 0.59 0.49 0.55 0.51
Pure explorative alliances 0.39 0.75 0.21 0.47 0.32 0.57
Pure exploitative alliances 0.64 1.40 1.15 2.24 0.64 1.26
Technological experience 0.73 0.45 0.67 0.48 0.73 0.46
Market experience 0.36 0.48 0.36 0.49 0.27 0.46
Market search alliances 0.97 1.46 1.38 1.82 0.64 1.00
Technology search alliances 0.92 1.66 1.00 1.40 1.64 1.71
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Table 3: Competing risks analyses (N = 157)

Model 1 Model 2 Model 3 Model 4
Age -0.37  (0.12) ** -0.43  (0.12) H** -0.45  (0.12) *** -0.46  (0.12) H**
ICT dummy -1.84  (0.59) ** -1.60  (0.65) * -1.73  (0.69) * -1.74  (0.69) *
Biotech dummy -0.54  (0.51) -0.14  (0.58) -0.19  (0.60) -0.16  (0.59)
Pre-financial crisis 1.23  (0.72) 1.18  (0.68) 1.46 (0.81) 1.36  (0.71)
VC rounds -0.10 (0.31) -0.20 (0.34) -0.08 (0.36) -0.04  (0.34)
Patents at founding 0.01  (0.07) -0.02  (0.09) -0.04  (0.09) -0.06  (0.09)
University spin-off experience -0.05  (0.02) * -0.06  (0.02) *k -0.06  (0.02) *k -0.07  (0.02) *k
University ranking -0.01  (0.00) ** -0.01  (0.00) *** -0.01  (0.00)  ** -0.01  (0.00)  **
Inverse Mills ratio -0.45 (1.01) -0.63 (1.01) -0.20 (0.94) -0.21  (0.95)
Prominent Partner -0.12  (0.38) -0.10  (0.38) -0.23  (0.38) -0.25 (0.38)
Prominent VC -0.72  (0.39) -0.62  (0.40) -0.63  (0.40) -0.64  (0.40)
Number of founders -0.02  (0.21) 0.09 (0.22) 0.11  (0.23) 0.10 (0.21)
Market experience 0.05 (0.56) 0.18 (0.61) 0.44 (0.60) 0.44 (0.60)
Technological experience -0.79 (0.56) -0.51 (0.56) -0.61 (0.53) -0.65 (0.52)
Pure explorative alliances 0.02 (0.20) -0.12  (0.17) -0.10 (0.15) -0.10 (0.16)
Pure exploitative alliances 0.30  (0.11) ** 031 (0.12)  ** 0.28 (0.12) * 0.27 (0.12) *
Market search alliances 0.23  (0.13) * 0.19 (0.21) 0.29 (0.12) *k
Technology search alliances -0.39 (0.15) *k -0.62  (0.19) F*x*
Technology experience X Market search alliances 0.15 (0.28)
Market experience X Technology search alliances 0.57 (0.27) *
Low market experience X Technology search alliances -0.60  (0.17) H**
High market experience X Technology search alliances -0.04  (0.21)
Log pseudolikelihood -132.85 -128.33 -126.29 -126.43
Wald chi square 129.50 164.70 165.28 163.22
Prob > Chi square 0.00 0.00 0.00 0.00

Notes: Robust standard errors (standard degree-of-freedom adjustment); *** p <0.001, ** p <0.01, * p <0.05, one-tailed significances for
hypothesized relations and two-tailed tests for control variable effects.
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Figure 1: Stylized categorization of alliances and technology-market linking

Technology competence

Existing New

Existing | (1): Pure exploitative alliance | (2): Technology search alliance

New (3): Market search alliance (4): Pure explorative alliance

Market
competence

Figure 2a, 2b: Kaplan-Meier exit function estimates by market search alliance dummy (2a) and by technology search alliance dummy
(2b)
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Appendices

Appendix 1.1. Illustrative examples of the different alliance types

Alliance Example
type

Pure In 2006 E-Therapeutics set up a partnership with Brazilian
explorative company, Grupo TCI to establish a joint research facility to explore the
alliance potential therapeutic use of natural substances found in the Amazonian

and Atlantic rain forests in Brazil. This partnership was clearly purely

explorative, as both the potential drug candidates and the markets were
unknown at the start of the partnership. The partnership was described
in Drug Week via NewsRx.com (24/11/2006) as follows:

At a time when the number of new drugs in the world’s development
pipeline has dwindled, the British company e-Therapeutics has formed a
partnership with Brazilian company Grupo TCI to establish a joint
research facility close to the Amazonian and Atlantic rain forests, to start
testing substances from the millions of plants in the most diverse
ecosystem on the planet.

Market TeraView, a spin-off from the University of Cambridge, developed a
technology platform for use in its chemical agent detection systems. In 2008,
search alliance the company entered into an agreement with Goodrich to supply the products

resulting from its technology platform to the US security market. The
company stated that it expected “to evolve with its terahertz platform for use in
product solutions outside of its core pharmaceutical market”. This statement
indicates that this alliance enabled TeraView to explore a new market (the
security market) by exploiting its existing technology.

(Terror Response Technology Report, November 12, 2008.)

Technology For instance, Acrobot, emanating from Imperial College London,
search alliance entered into a deal with Alliance Medical in 2008. Both parties worked
together to improve orthopedic surgery by offering an integrated

process from CT scanning through to surgical navigation. The alliance
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thus combined technology from Acrobot with Alliance Medical’s
advanced imaging techniques to better serve an existing market of
Acrobot. The press commented on the partnership as follows:

“Acrobot, a medical devices company specializing in computer
assisted orthopedic surgical navigation, and Alliance Medical, part of
the largest pan-European medical imaging company in Europe,
supporting more than 400 hospitals and clinics in the UK, yesterday (1
December) announced they have entered into a partnership which will
help improve surgical outcomes through the provision of advanced
imaging techniques. The deal will see Acrobot and Alliance Medical
collaborate to provide orthopedic surgeons with an integrated process
from CT scanning through to navigated joint replacement that can
influence clinical outcomes, making life easier for the surgeon and
better for the patient.”

(M2 Europharma, December 12, 2008.)

Pure Activiomics engaged in a strategic alliance with BioFocus.
exploitation Commenting on the partnership, Activiomics’ CEO said: “We are
alliance looking forward to making our platform even more widely available

through exposure to BioFocus’s large and growing client base.” As
this partnership merely enlarged the ASO’s presence in an existing
market, it was coded as a pure exploitation alliance.

(“BioFocus Expands its Drug Discovery Offering with Proteomics
Technology from Activiomics”, Business Wire, July 25, 2012.)

Example of A company called Paraytec exhibited all four alliance types, thus
ASO with all illustrating the differences between the various alliance types. Founded
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four alliances

in 2005, it was active in medical imaging and originated from the
University of York. The company aimed to extend the use of UV
absorbance detection to a range of new biological and pharmaceutical
imaging applications. In 2006, the company launched its first product,
the ActiPix™ D100 UV Area Imaging Detector, targeting the
pharmaceutical and biopharmaceutical market. In 2007, the company
entered into an alliance with the University of Bradford to try to find a
way to stop molecules from sticking together in pharmaceutical
products. We classified this alliance as a pure explorative alliance, as
both the technological solution and related market opportunities were
unknown at the start of the collaboration. A year later, in 2008, Paraytek
received a grant and entered into a collaboration with a number of
parties to develop an instrument to monitor and quantify aggregation
during biopharmaceutical processing. This time the objective was to
develop an instrument that served a market that was already being
served, i.e. biopharmaceutical companies, so it was coded as a
technology search alliance. In 2011, Paraytek signed a distribution
agreement with Distek regarding its ActiPix SDI300 system. As this
agreement involved exploiting existing technology in a market that was
already being served, it was classified as a pure exploitative alliance.
Later in 2011, Paraytec signed a development and licensing agreement
with Malvern Instruments. Central to the agreement was the ActiPix
technology, which would be further developed, marketed and sold by
Malvern, targeting not only biopharmaceutical applications (Paraytec’s

existing market), but also the food and personal care sectors. As these
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markets were new to the ASO, we coded this as a market search

alliance.
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Appendix 1.2: Descriptive statistics and correlations for full sample (N = 265)

Mean S.D. 1 2 3 4 5 6 7 8 9
1. Partnership probability 0.60 0.49
2. Exit probability 0.19 0.39 0.19
Failure probability 0.19 0.39 0.15 0.24
University spin-off
4. experience 15.05 15.74 0.15 021 0.06
109.9 117.2 -
5. University ranking 4 4 -0.13 -0.18 0.04 0.32
Patents at foundin 0.0
6. unding 0.91 2.00 0.01 0.17 -0.05 1 -0.15
0.1
7. Number of founders 2.04 0.98 0.01 0.02 0.10 8 0.06 0.14
8. Faculty founder 0.59 0.49 0.16 0.06 -0.09 0.10 0.07 0.01 0.13
9. ICT dummy 0.28 0.45 0.10 -0.09 0.13 0.09 0.23 -0.09 0.04 -0.19
10. Biotech dummy 0.52 0.50 0.06 0.12 0.04 0.08 0.24 0.05 0.04 008  0.65

Note: Correlations of 0.13 or higher are significant at p < 0.05, two-tailed tests.
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Appendix 1.3: Probit regression results (N = 265)

Probit partnership likelihood

Coeff SE
University spin-off experience -0.018 0.006 otk
University ranking -0.002 0.001 HAK
Patents at founding -0.016 0.040
Number of founders 0.027 0.086
Faculty founder 0.366 0.166 *E
ICT -0.271 0.244
Biotech -0.169 0.220
Constant 0.666 0.325 *
Log Likelihood 167.360
R? 0.064

Notes: *** p <0.01, ** p < 0.05, * p <0.10, one-tailed significances for hypothesized
relations and two-tailed tests for control variable effects.
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