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Chapter 1: Casting Shadows: Effect of Parent-SpiKomowledge
Distance on New Venture Alliances

Introduction

One of the central tenets of the literature om@pis posits that the success of
new firms founded by employee entrepreneurs isaltref knowledge inheritance from
successful parents (Agarwal, Echambadi, Francoaéa, 2004; Chatterji, 2009).
Entrepreneurs in high-technology industries facesecompetition, for both their
technology and in commercialization of their produ&ans & Stern, 2003). The
literature on new venture alliances suggests Hestet new firms cope with competition
by forming alliance ties with other firms to gaiccass to complementary resources that
are crucial for their success and performance (Pgd8tuart, & Hannan, 1996). | bridge
the gap between these two disconnected literabyrexamining how knowledge
inheritance from parent firms influences the apitif spinouts to establish network ties
with other firms.

New firms differ in their access to resources tair ability to establish alliances
ties with other firms. The founding conditions bétstart-up determine its ability to learn
and adapt in a competitive environment (Cohen &ihnal, 1990). Firms founded by
employee entrepreneurs inherit knowledge their deus learned from their previous

employers or parent firms. Hence, founders witbmexperience in a successful firm are



more likely to create successful new ventures (Agaet al., 2004). However, the
competition to survive and succeed in high-techgpiodustries is fierce, with firms
facing threats to both its technology and markétyeihese new firms, even with their
knowledge endowment through their founder’s expese continue to need
complementary resources and use alliance tiedftlb this need. | define a firm founded
by an employee entrepreneur agpamout whereas thearent firmis the firm that
employed these founders before creation of theospin

Employees gain social capital during their emplewptmat their parent firms
(Roberts & Sterling, 2012), and these networksugriice their ability to form network
ties in the future (Hallen, 2008). The imprint @iqp organizational experience on the
founders shapes their partner choices, especailyg hew firm. Moreover, these alliance
ties are crucial for firm performance because fh@yide valuable resources,
information, and status (Davis & Eisenhardt, 20HQwever, the literature does not
extensively address the formation process of thesemong spinouts. This study
extends prior studies on partner choice by examithe influence of the founder’s prior
affiliation on the external relationships estab#idtby these new ventures.

| address two key questions in this studg. spinouts choose partners from their
parent network? Moreover, what role does the itdiece of knowledge play in their
partner choices? | capture a spinout’s knowledgeritance from its parent firm as a
distance measure based on the technology and pinodukets of the parent and spinout.
The technological and market distance measurew atle to classify these spinouts into
four categories. Each spinout weighs its need dangdementary resources with the risk

of collaboration before establishing an inter-otigational alliance tie. A spinout enters



into a tie with a partner when its resource nedweighs the collaboration risk.

| use data on firms in the pharmaceutical and osdievice industry, collected
using annual additions of Medical Marketplace gaidehis data consists of firm,
business unit, and top-management team data fos fin the pharmaceutical and medical
device industry from 1986 to 2003. | supplemerd thata using COMPUSTAT for
financial information, ventureXpert for funding orfation, LexisNexis for latest events,
Corporate Affiliations for product information, Oxdion for patent data, and
ThompsonOne for individual-level data. The resgltimbalanced panel data contains
network ties and firm- and individual-level data fbe entire healthcare industry from
1986 to 2012. The data allows me to track the foionaof ties for both spinout and
parent firms in the pharmaceutical and medical @eindustry over time. The results
show that spinouts with similar technology and regslas their parents will find partners
with no parent ties to gain access to manufacturmayketing, or funding resources.
Conversely, spinouts with different technology @tierg in different product markets
from their parents will form commercialization tiegth firms that have indirect ties to
their parents. This suggests spinouts deal witlctfiaboration risk by avoiding firms
that have direct ties to their parent firm. Furthere, spinouts that enter similar markets
with different technology than their parents akelly to benefit from their parents’
networks. These new ventures form commercializateswith firms that have direct
ties to the parents, suggesting spinouts can Igedteeir new technology relative to their

parent to reduce the collaboration risk.



Theory

A founder’s pre-founding experience has a profoeffielct on the creation of
successful spinouts (Agarwal et al., 2004; Gomgdazmer, & Scharfstein, 2005;
Klepper, 2007). Spinouts inherit technical, mankgt{Agarwal et al., 2004), and
regulatory know-how from their parent firms (Chgtte2009), and the parents’
characteristics dictate the spinouts’ product spéeaillips, 2002). Occupying similar
product space as its parent may limit a spinowtisner choices, implying that
knowledge inheritance has an important role insgiiaout’s formation of alliance
networks. Therefore, | classify spinouts basedheir technological and product market
distance with respect to their parent firm.

Employees learn valuable skills and build socetivorks through their
experience in the parent firm (Gompers et al., 2@Rberts & Sterling, 2012; Semadeni
& Cannella, 2011). New ventures cooperate to ardroercialization of a product (Gans
& Stern, 2003) and to gain access to complemerissgts. In contrast, incumbents
cooperate as an alternative to internal developifieothaermel, 2001) or to control
competition within the market. A start-up’s netwaskdetermined by its founders’
previous network connections (Hallen, 2008). Spis@ue an interesting setup to study
new venture alliances because they allow examimatidnow prior affiliation, captured
by the spinout’s knowledge inheritance from itsguey affects the formation of alliance
ties.

Founders can leverage their prior knowledge awc@bkoapital (accumulated
during their employment at their parent firm) te@@ss relevant information about

complementary resources in other incumbents. Tiseycan learn potential partner



behavior while forming their alliance ties. To urgtand with whom these spinouts
partner, and if they utilize their parents’ netwarkcategorize the partner firms into three
categories: (1) the parent, or firms that havedtlities to the parent, callgdrent direct
ties (2) firms that have indirect ties to the pareat]edparent indirect tiesand (3)

firms with no ties to the parent, callad parent ties

Knowledge Inheritance

In a high-technology industry, knowledge and actesssources are the key
success determinants for a new venture. A new vestauperior performance is
contingent on its ability to formulate a cooperatstrategy (Ahuja, 1996) and on
knowledge inheritance from its parent firm (Aganeahl., 2004). Network ties serve as
a source for innovation, resources, and capalsil{@gut, 1988). These alliance ties
have a long-lasting influence on the spinout’s genfance. However, differences among
the cooperative strategies employed by the spirreldate to heterogeneity in the level of
knowledge inherited from their parents. Therefb@assify spinouts based on the
inherited knowledge in both market space and teloigizal space.

| use market distance and technological distancedasure a spinout’s
knowledge inherited from its parent firm. Both ma&&s capture the Euclidean distance
between two firms based on the technology and mtagkarkets in which both firms
exist.Market distances defined as the extent to which the products spinout differ
from those of its parent. Product market stratsgtithe heart of the firm’s strategy to
achieve competitive advantage (Makadok & Ross, RG] the influence of knowledge

inheritance extends to the product markets thesests enter (Phillips, 2002).



Therefore, a spinout’s market choice relative $q#rent’s product market affects how it
shapes its alliance network.

Technological distanceaptures the technical knowledge the spinout ithpm
its parent. | note that not all technical knowledgtin firm maps to its products.
Additionally, a firm might choose to abandon a tedbgical field and just license their
technology to other firms. Thus, | capture techgglwith a measure different from
market distance. If the technological distancagh hthen a spinout is in a different
technological space from its parent’s space. Omther hand, low technological

distance implies that the spinout imitates parent knowledge.

Spinout Categories

Technological and market distance from the pameyt shape the spinout’s
partner choices. | start by classifying spinoats four categories (Figure 1) based on
their technological distance and market distanpendts in the first category inherited
technical knowledge from their parents and chossnter a product market similar to
their parents. These firms have low technologioal market distance from their parent
firms. Because they “imitate” the technical and ketéknowledge of their parents, they
end up competing with limited resources againsp#rent firm. These spinouts may also
face competition also from firms in proximity toeih parents’ markets. The threat of
appropriation from their parent firms is high; tefare, these spinouts may seek partners
that are distant from the parent firm, but intezdsh gaining access to knowledge within

the spinout.

Insert Figure 1 (Spinout Categories) here



In the second category, spinouts choose to applknowledge inherited from
their parents in a product market different fromithparents’ market. These spinouts
“adapt” to new markets relative to their parentd dn not compete directly with their
parents. Further, this provides an opportunitytii@r parent firm and its collaborators to
enter into new product markets by forming alliaties with the spinouts.

The third category of spinouts enters a produgketasimilar to their parents’ but
is distant on the technical knowledge dimensiomftbe parents. Given the application
of new technology in the same product market spgacetype of spinout competes with
the parent by using technologies that may potdytibérupt the parent’s technological
capabilities. While firms in the parent networkyniee interested in leveraging the
different technology, they also pose a potentigddhof appropriation. Accordingly,
while there is a likelihood of alliance formatioritkvfirms in the parent network given
complementarities between spinout technical knogéeahd their relevant
complementary assets, spinouts may proceed calytious

The final category of spinouts “explores” new protdmarkets relative to their
parents’ product markets, using new technology va#ipect to their parent firms’
technology. These spinouts use neither technicatmaoket knowledge from their

parents and, as a result, do not directly compétetheir parents.

Proclivity to Form Ties: Need versus Risk
A key driver of inter-organizational alliance tisshe need for complementary

resources (Gulati, 1999). An alliance tie is essdlgld when two organizations have



mutually beneficial resources or capabilities. Tieed for resources could go beyond
financial resources and include resources reqdimedccessing a market (Aiken & Hage,
1968). Regulatory resources are one such resotucelkto gaining market access in the
medical device and pharmaceutical industry. Suégksginouts in this industry inherit
regulatory, in addition to the technical and markebwledge from their parent firms
(Chatterji, 2009).

New firms have limited resources (Fichman & Levaifli1991) but can access
these unique resources through their partner f(iasila, Rosenberger, & Eisenhardt,
2008). On the other hand, incumbents seek partaenster into new or emerging
technological subfields to deal with their incumbgMitchell & Singh, 1992).
Compared to a new firm, the incumbent has differesburce needs but the same
motivation to form alliance ties—namely, to accessources within partner firms.
Scholars have examined the role of firm attribgtésh as size, age, and financial
attributes in predicting the proclivity of a fira form a tie (Burgers, Hill & Kim, 1993;
Kogut, Shan, & Walker, 1992). However, resourcedseaunight be the key factor
determining a firm’s decision to enter into analce. Firms manage their need for
resources by seeking strategic ties to partnershehwfulfill the needs (Schmidt &
Kochan, 1977). This need for resources or capedsilinight, in fact, moderate the
pattern of inter-organizational alliance ties ttheg firm establishes (Nohria & Garcia-
Pont, 1991).

On the other hand, collaborating to gain accessmaplementary resources is not
without risk. Collaboration risk for a new ventwgtems from potential partner behavior

in an alliance. The partnering firm could choosetoaontribute to the alliance and



withhold its efforts. Additionally, the partner ddumisappropriate resources (Gulati &
Gargiulo, 1999) from the new firm, rendering thevrfem vulnerable without its
valuable resources. Incumbents rely on their atkatires to gather information regarding
their partners’ behavior. They are more likely satper with firms with whom they had
prior alliance experience (Gulati, Lavie, & Sin@®09). Absent prior alliance ties, new
ventures rely on their founders’ prior affiliatiotssgain information about their partners.
In addition to these concerns, spinouts continifade competitive pressures from their
parent firms. As a result, prior affiliation plags important role in shaping the strategic

alliance ties established by new ventures.

Role of Prior Founder Affiliation

Spinouts inherit technical and market knowledgetfitheir parents, and this
knowledge drives their resource needs. On the dided, the technological and market
distance between a spinout and its parent firm diltate the collaboration risk. Spinouts
in close technological or market proximity to thearents compete for resources in both
spaces, increasing the threat of resource apptimpri®r the spinout, whereas greater
technological and product market distance impliesager level of competition. As a
result, these distances capture the spinout’s foegdsources as well as its risk in
collaborating with a potential partner.

A network tie between two firms is established whige tie is mutually
beneficial. However, the true value of a netwoekisi not realized ex-ante. Hence, firms
seek out partners based on the potential partmes’fcharacteristics. A spinout will
weigh its need for resources against the risk Bélooration with its partner. The

literature on network formation among firms hasreixeed the network formation



process as an attempt by firms to gain accessticatresources (Gulati, 1999) while
avoiding partners that could behave opportunigd§ic&urther, inter-organizational
alliance networks serve as conduits of informa#ibout potential opportunistic behavior
of firms (Gulati & Gargiulo, 1999). Absent netwaiks, new firms cannot access
information regarding opportunistic behavior ofith@tential partners. New firms, then,
must rely on alternative sources of informationingpts rely on their founders’ prior
experience to access the information required ternene the attractiveness of potential
partners. The founders’ social capital allows sptado access information about
complementary resources within the parent, or fiwithk ties to the parent, and about the
behavior of their potential partners. Spinouts théeinformation to seek out partners that
meet their resource needs with minimal risk of appustic behavior.

Forming network ties with other firm benefits $@nout. Such collaborative ties
allow the spinout to access complementary resoumgeartner firm and help gain
legitimacy in the industry (Podolny, 1993). Howeverming ties is not without its
pitfalls, especially for new ventures. Firms emgrnew ties face concerns about the
hazard of partners behaving opportunistically (Hmez, & Prahalad, 1989;
Williamson, 1991). A partner may simply behave apaistically by limiting its
contribution or by taking advantage of the relasinp to misappropriate valuable
resources. Misappropriating spinout resources neagimpting for an incumbent and
could hinder the spinout’s success or survivaimBiminimize the risk of opportunistic
behavior by accessing information about the padmetiability through their current
networks (Gulati, 1995a; 1995b). This informatisrcrucial, especially when survival

and success depend on partner behavior (Bleekenst,Er993). Spinouts that do not
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have prior ties tend to rely more on the foundscgial capital to access similar
information. Therefore, the new firm’s origin iucral in shaping their network.

For an incumbent firm, forming network ties witmew venture is an alternative
to developing technology or a product internallpifaermel, 2001). Spinouts, whose
employees inherit knowledge and use the knowledgedate similar or different
products, are specifically attractive to incumbeAtsthe same time, the long road to
product commercialization is laden with difficukiéGans & Stern, 2003) for employee
entrepreneurs in high-technology industries becabiigeir limited resources. Therefore,
an incumbent seeks partners in order to enter aelantcal subfields and offers resources
to commercialize the product. For example, EliyLéhtered into an alliance with
Genentech, which held the proprietary technologyhtonan insulin based on
recombinant DNA (Humulin). Genentech decided terige the technology to Eli Lilly
instead of producing it on its own (Lee & Burrill994). This was an opportunity for Eli
Lilly to enter the market with new technology lised from a new venture.

Spinouts seek partners that fulfill their own n@s@ needs while minimizing the
risk of losing resources to the partners. An atl&atie will allow the spinout to access
resources within its partner firm. Prior researal Bhown that forming an alliance tie
reduces uncertainty, and both firms gain accessaumal resources from the other partner
(Pfeffer & Slancik, 1978). New ventures form tiessgite their concerns about the
hazards of opportunistic behavior by partners—wtherpartners provide the unique
resources they need (Katila et al., 2008). Howesspinout can overcome the risk of
misappropriation by their partner by using the fden's social capital to access relevant

information about the partner’s behavior (Gula@i9%b). Because the spinout relies on its
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founder’s social capital—accumulated during teratrthe parent firm—the parent
continues to cast a shadow on relationships fobyettie spinout. That is, knowledge
inheritance shapes the resource needs and thef mellaborating with firms that have

direct or indirect ties to the parent.

Formation of Spinout Alliance Ties

The founder’s prior experience creates certaih dapendency in the search for
partners. Absent prior alliances, spinouts aretéichto searching locally for partners
because of their organizational and relational exinfRosenkopf & Almeida, 2003).
Usually, this means searching for firms that hawvead or indirect ties to the parent.
Partners with direct or indirect ties to the parfem provide opportunities for the spinout
to access complementary resources, similar to thise parent, but the collaboration
risk may differ for these two types of partnersttRarmore, the founder’s prior
affiliation to the parent firm acts as a sourcéenéérmation regarding these firms. Firms
with direct ties to the parent firm are a good seuo gain access to the complementary
resources the young firm needs.

However, spinouts that continue to face collaboratisk due to tension between
the parent and the spinout could choose to achess tesources while distant from their
parent’s immediate network. A spinout’s resourcedseand capabilities drive its
alliance-partner selection. In addition, the firmatcial context limits its search for
resources (Eisenhardt & Schoonhoven, 1996; Gulag5a). In the case of the spinouts,
their founders’ prior affiliations strongly influer their social context. By the virtue of
their founders’ experience in the parent firm, ghepinouts have information about the

firms that have direct and indirect ties to thegpér Any firm beyond the second level of
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ties to the parent is too distant, reducing thédabdity the founder had a relationship
with them during their tenure in the parent firnmeTllevel of collaboration risk could
vary across firms that have direct or indirect teeghe parents.

Resource needs and collaboration risk are infleey the technological and
market distance between the parent and the spifbattechnological and market
distance shapes the resource needs as well aslidigocation risk, but also translate to
opportunities to form ties with firms within or @ide of the parent network. | define
these potential partners as firms with parent tiies, parent indirect ties, and no parent
ties. Each network level implies different opporti@s to fulfill resource needs, along
with different levels of collaboration risk.

Firms with direct ties to the parent firm havea@ses relevant to spinouts that
use their parent knowledge due to their foundengrint on the new venture (Agarwal et
al., 2004; Franco & Filson, 2006). These firms vaolog lucrative options for alliance
partners. However, a spinout inherits competitadang with the knowledge, from their
parent. Similarity in knowledge implies fierce coatifon between the parent and
spinout, making the alliance with the parent firmte partners prone to collaboration
risk.

The second category of partners is firms withrecti ties to the parent. These
firms can provide resources similar as the pareesiurces. Further, not having any
direct tie to the parent implies a lower collabmmatrisk for the spinout. However, it is
more challenging for spinouts to search for thesgngrs, as they cannot search in
proximity to the parent firms. Nevertheless, spisduenefit from ties with firms that

have indirect parent ties; they can fulfill theasource needs and avoid the risk associated
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with collaborating with parent partners. Furthers@pinouts can leverage their
founders’ experience to search for partners witinms that have direct or indirect ties to
the parent. They can access information aboutengiat partner firm’s behavior through
their founders’ pre-entry experience.

The final set of partners is firms that have raittirect nor indirect ties to the
parent firm. If the collaboration risk is too highd the competition too fierce between
the parent and spinout, then the spinout is likelyearch for firms with no parent ties.
Additionally, if the spinout is not similar to thparent, they are likely to seek partners
that have resources relevant to the market of €hkeifat & Liberman, 2002). In sum,
each type of partner (Figure 2) represents a @ifficlevel of collaboration risk and ability

to fulfill resource needs.

If the spinout is similar to its parent, then catifpon between the parent and the
spinouts is fierce. For these spinouts, formingliance tie with a parent or other firm
with direct or indirect ties to the parent is &kyisindertaking. Spinouts that have low
technological and market distance are the clagsitdtors” described in spinout
literature (Agarwal et al., 2004; Franco & Fils@006). These spinouts are similar to
their parents with respect to both their produais their technology. Hence, competition
in their parent product market makes formationlidiace ties to firms with direct or

indirect parent ties prone to collaboration riskeTcollaboration risk level differs for
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firms that have parent direct, parent indirecthomparent ties. Similarly, the types of
resources that could fulfill the spinout’s needsacross these three partner types.
Spinouts that are similar to their parents competbe same market and with
similar technology as the parents. Therefore, Hremts and parent partners can provide
access to resources that are relevant to the mafrketry for these new ventures.
Clearly, forming ties with firms that have direed to the parent will fulfill the spinout’s
resource needs. Moreover, spinouts will pursuaradk ties with firms that have direct

parent ties to fulfill their resource needs if tldeynot anticipate any collaboration risk.

Hypothesis la. Spinouts with low technologicalafise and low market
distance with respect to their parents are moreljikto form ties with

firms with direct ties to their parent firms.

Compared to firms with direct ties to the paremnf firms with indirect parent
ties have relevant resources for the spinout fdlfits needs and lower collaboration
risk. For a spinout that has similar technology pr@tuct market as its parent, firms
with direct parent ties continue to offer the rases the spinout seeks but with higher
collaboration risk than firms with indirect pardi@s. Therefore, when a spinout is likely
to benefit from resources within firms with inditgarent ties—and these resources are
crucial, complementary assets required for theapis success—the spinout might risk

forging these ties.

Hypothesis 1b. Spinouts with low technologicalafise and low market
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distance with respect to the parents are moreikelform ties with firms

that have indirect ties to their parent firms.

Conversely, spinouts with low technological andkeadistances compete
directly with their parent firms because they in@thoth technical and market
knowledge. This competition increases their conedwut potential opportunistic
behavior by firms with direct or indirect ties teetparent. This would imply that the risk
of collaboration with firms with either direct andirect ties to the parent outweighs the
benefits of access to complementary resourcesmiifoise firms. Hence, these spinouts

seek partners that have no ties to their paremt fir

Hypothesis 1c. Spinouts with low technologicalatise and low market
distance with respect to the parents are moreikelform ties with firms

that have no ties to their parent firms.

Spinouts that have high technological and marlstadces from their parent firm
create new knowledge, unrelated to their paremtslycts or technology, while operating
in a different market than their parents do. Howgfa@inders can leverage their
accumulated social capital, gained through theargmployment, to establish external
relationships (Hallen, 2008). These prior ties txgrath dependencies regarding partner
choice. Firms that have direct or indirect tiesht® parent could be a good source of
complementary resources relevant to the spinoussket entry. Spinouts rely on their

founders’ prior affiliations and seek partners wittheir parent networks to fulfill their
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need for complementary resources. The foundersalscapital allows these firms to
access information regarding their potential pagneehavior, which would reduce the
risk, associated with collaboration. In sum, thenpementary resources within the firms
that have direct ties to the parent will fulfillelspinouts’ resource needs, and the
founders’ prior affiliations offset the collaborai risk. As a result, these spinouts tend to
form ties with parent partners and not with firfhatthave indirect or no parent ties.

Hence,

Hypothesis 2a. Spinouts with high technologicalasise and high market
distance with respect to the parents are moreikelform ties with firms

with direct ties to their parent firms.

Spinouts that are in different product markets lagwge different technology from
their parents do not face stiff competition fromeittparents. This difference in market
and technology lowers, but does not eliminate abaitation risk. The risk is lower with
firms that have indirect ties to the parent. Momgpinouts can leverage their founders’
experience to search for firms that have indires to the parents and can fulfill their
resource needs. These spinouts are more likelyrto fies with firms that have indirect

ties to the parent and avoid firms that have dioecto parent tie. Hence,

Hypothesis 2b. Spinouts with high technologicalasise and high market
distance with respect to the parents are moreikelform ties with firms

that have indirect ties to their parent firms.
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On the other hand, these spinouts do not haveedaged technical or product
knowledge with respect to their parents. Hencesdligms would seek a partner in their
market of entry (Helfat & Liberman, 2002) or ondlwno ties to the parents. These
spinouts are not entering the parent market; tbegefirms with direct or indirect parent
ties would not necessarily hold relevant complemsntesources for the spinouts.
Additionally, the spinouts could face collaboratiisk if they form ties with firms that

have either direct or indirect ties to the paresttvork. As a result,

Hypothesis 2c. Spinouts with high technologicalasise and high market
distance with respect to the parents are moreikelform ties with firms

that have no ties to their parent firms.

The third category of spinouts is new ventures tiaae high technological
distance from their parents, but operate in singtaduct markets. These spinouts seek
complementary assets relevant to their market oy €Helfat & Liberman, 2002)—the
parent market, in this case. Firms with directnalirect ties to the parent operate in a
product market similar to the parents and haveuregs relevant for the spinout product
market.

These spinouts introduce products in the parg@méziuct market space but with
different technology. The spinout’s technology mofee threat of making the parents’
technology obsolete. As a result, these spinosts @se a threat to the technology

within the parent and to the parents’ direct oiiriexct partners.
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Spinouts with high technological distance but imarket distance can leverage
their founders’ prior affiliation to seek partnensiong firms that have direct parent ties.
These ties offer the complementary resources tigagpinouts need, especially when
operating in a similar market as their parents. e\eav, each partner category holds
different risk levels. In this category, the spit®hold bargaining power as they enter
similar markets with different technology from thparents. Hence, they can reduce
collaboration risk and reap alliance benefits byimg ties with firms that have direct

ties to their parent as opposed to indirect or ar@pt tie.

Hypothesis 3a. Spinouts with high technologicatatise and low market
distance with respect to the parents are moreikelform ties with firms

with direct ties to their parent firms.

When spinouts operate in a similar market as thezient, they may search for
alliance partners based on their founders’ preyaperience. If a spinout perceives a
high risk when forming ties with firms that haveetit parent ties, then it can fulfill its
need for complementary resources by forming tigh finms that have indirect parent

ties as compared direct or no parent tie.

Hypothesis 3b. Spinouts with high technologicatagise and low market

distance with respect to the parents are moreyikelform ties with firms

that have indirect ties to their parent firms.
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Alternatively, these spinouts face fierce compatitirom firms with direct or
indirect parent ties by the virtue of having diéfiet technology relative to their parents.
This competition could increase the collaboratisk;rpartner firms could potentially
misappropriate spinout resources. Additionally,duse these spinouts operate in
different markets than their parents, they coukkgeartners from the different markets.
Hence, these spinouts seek partners outside ofgheents’ direct or indirect network to
access complementary resources relevant to theketaf entry while minimizing

collaboration risk. Therefore,

Hypothesis 3c. Spinouts with high technologicatasise and low market
distance with respect to the parents are moreikelform ties with firms

that have no ties to their parent firms.

Unpacking Resource Requirements

Spinouts create alliance ties to gain access taress. The obvious next
guestion is what resources are being transfernexaithese ties. These young firms have
to engage in long periods of research and develop(®&D) before introducing a
product into the market. They support themselvesdaking resources from other
organizations. Spinouts that choose partners wighwutside parent networks seek
different resources. | define five types of resegraesearch, commercial, manufacturing,
funding, and marketing resources.

Research resources relate to any R&D activity fhecsit undertakes.

Commercial resources allow the firm to commercetizeir product or introduce it in the

20



market. A firm uses manufacturing resources ipiitsluction process and marketing
resources to market or distribute its product. Fugmdesources include the various forms
of funding a firm receives, and range from ventureling to bank loans. A young firm
could also fund itself by giving the overseas mankeor manufacturing rights of one of
its products to other firms. These funds woulduimtbe used to finance the R&D
associated with their core technology. Hence, ugnmarketing, manufacturing, and
funding resources into one category.

Do these spinouts seek specific resources whenfoheyties with firms that
have direct or indirect ties to the parent firm?afIspinouts seek partners that directly or
indirectly relate to their parents, they gain imh@tion about their potential partner
behavior through their founder. These spinoutsstape out potential partners for their
behavior and avoid collaboration risk by gathetimfigrmation through their founders’
prior experience. As new ventures, spinouts nesaurees to aid their commercialization
process. Most spinouts like to control R&D of themre products and are therefore
unlikely to seek research resources. Instead,sbasch for partners to fulfill their
commercialization resource needs and avoid reseé@skvith firms that have either

direct or indirect parent ties to avoid collabavatrisk. Hence,

Hypothesis 4: Spinouts that form ties with firmsttihave direct or
indirect ties to their parent are most likely toekecommercialization

resources.

What resources are transferred across a tie whieaup partner with firms that
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have no ties to the parent firm? Spinouts that pagetners with no ties to the parent
cannot rely on their founders’ prior affiliation ¢ollect information about the potential
partners. In this case, collaboration risk is v@gh due to lack of information about
potential partner behavior. Therefore, forming te$ransfer research or
commercialization resources is risky. These tied deth core firm technology; the firm
could expose itself to potential exploitation kg/@artner. As a result, these spinouts seek
only marketing, manufacturing, and funding resosiftem partners with no parent ties.

Thus,

Hypothesis 5: Spinouts that form ties with firmatthave no ties to their
parent firm are most likely to seek marketing, nfactring, and funding

resources.

Data and Methodology

| test these hypotheses in the context of the pheentical and medical device
industry. This industry provides an ideal empiricahtext to study inter-firm tie
formation for three reasons. First, the industrgighly competitive; innovation is key to
success. Second, the industry is highly reguldtbd.U.S. Food and Drug
Administration (FDA) approval is one of the keyptdo introducing the product into the
market. As such, highly competitive industry resmsrrelated to regulation and
manufacturing plays a crucial role in the firm’sesess. Hence, a new venture needs
access to crucial complementary resources, sustagseting resources, or to resources
to overcome market regulations. The need for cohgtaovation in the face of

regulatory barriers to market entry fuels collalboraacross firms. Thus, a firm can
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choose to diversify its strategic network ties vatjuity ties (Santos & Eisenhardt, 2009),
nonequity ties, or joint ventures (Helfat & Liebeam 2002). Finally, the R&D stage in
the pharmaceutical and medical device industrgaddng for young firms to survival
without external support.

New ventures provide a unique opportunity to exanmow networks emerge
from the inception of the firm. One of the challesgf studying new venture alliances is
the difficulty collecting data on young firms whaséormation is not publicly available
and data on founder backgrounds. | am able to oweechese challenges by using data
from Medical and HealthCare Marketplace Guides betw1986 and 2003. | digitize
these books to create a unique database that eefitan-, division-, and individual-level
data for firms in the healthcare industry. It caméadata for about 10,000 firms in the
pharmaceutical and medical device industry fronhbiS. and outside-U.S. locations.

This database contains 2,549 new firms founded 4%é3, and | identify the
founding team for each firm. | define tfmunding teanas the top management team of
the firm during the first 5 years from the foundiyear. This definition works well, as the
founder has a strong influence on the selectich@top management team. Even if this
top management team changes, the composition afitred team remains the same; and
the founders’ influence persists in the choiceubfife top management teams (Beckman
& Burton, 2008). To classify these firms as spirsplitrack employment history of the
top management of all 2,549 firms. If one membeaheftop management team worked
at an incumbent firm prior to the founding yeattwé new firm, then | classify the firm as
a spinout. | repeat this process using Thompsordateeto track the employment history

of the top management team within the first threary of founding. By tracking prior
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employers, | identify 296 spinouts in the pharmacaland medical device industry:
182 (62%) in pharmaceuticals, 78 (26%) in medieadices, and 36 (12%) in both. |
update the data on spinouts from the Medical Matkee database in the pharmaceutical
and medical device industry to the year 2012 blecbhg data from LexisNexis, the
U.S. Securities and Exchange Commission (SECYBLICOMPUSTAT, Delphion,
Corporate Affiliations, ventureXpert and ThompsoeOnhe resulting dataset is a panel
data of pharmaceutical and medical device firmmfi®86 to 2012.

| combine data from the Medical Marketplace databaish net sales, gross
profit, number of employees, and R&D expenses f@@MPUSTAT. | extract the initial
public offering (IPO) year from the Medical Markktpe data, COMPUSTAT, and
ventureXpert; and the year of first funding froomtreieXpert. | track the four-digit
product standard industrial classification (SIC)Jedrom Corporate Affiliations and
Medical Marketplace data. | supplement the enti exit years of each product market
for each firm with information from the Medical Maatplace data. | collect post-2003
network information from LexisNexis and Securitizgata Company databases and use
this data to plot the spinout ego network (FiguréB only network ties between the
spinout and other firms. | collect patent datatfer spinouts and their parents from the
Delphion database. The result is an unbalanced pateeof spinouts in the
pharmaceutical and medical device industry from61@82012.

An alliance tiein my empirical context is any formal relationslegtablished
between two firms in order to gain access to ressuwithin the other firm. A formal tie
between two firms could take any form of formabkt&nship, such as collaboration or

agreements, joint venture, alliance, equity, anteqaity ties. With the aid of the
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Medical Marketplace data, | am able to collect adataollaboration among firms and,
specifically for this study, data on new venturesrided by employee entrepreneurs.
However, this data ends in 2003; to make the dateiot, | combine it with data from

the LexisNexis database and SEC filings. This data on firm collaborations provides
information regarding the year of tie formatiors@arces transferred across the tie, and
type of relationship. This unique data allows mexamine the network ties the spinouts
formed, from inception to 2012.

Knowledge plays a vital role in the success andigalr of firms in high-
technology industries. However, knowledge can baldd into the two dimensions of
technology and market. It is important to differate between these two forms of
knowledge because not all technical knowledge wighfirm transforms into a product in
the market. Distinguishing between the two knowgedgnensions allows us to
understand how spinouts inherit knowledge frompaeent and which type of knowledge
inheritance plays an important role in shapingspi@out’s strategic networks.

Technological knowledge is captured using a distaneasure based on patent
class. | collect patent data for each firm from Eredphion database and use it to create
the measur@d ECHDIST This measure captures the distance between tms fn
technological space using the distribution of petecross the various patent technology
classes. It allows me to measure technologicahulcst between any two firms, and
especially between a parent and a spinout. | uesavbrage share of patents per firm in
each technology class and define a vector
Ti = (Tig, Ti2, Tis,... Tiaze), Where Tx is the share of patents of fiinin technology clask.

The technology market information for patents &sslfied into 426 markets (Bloom,
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Schankerman, & Reenen, 2013Jhen, | define the TECHDIST between two firirend

J; using an index:

(T:T;)
TV (TyT))?

TECHDIST;; =

This index ranges between 0 and 1, depending oddgese of distance in technology
class, and is symmetric to firm ordering, so thHBCHDIST; = TECHDIST;

Patents provide a relevant measure of technologfyepharmaceutical and
medical device industry and provide firms with fastrong protection for their
proprietary knowledge. As products of a firms’ imation, patents represent a valid
measure of technological novelty within the firnri{8hes, 1990). Patents have been
shown to relate closely to technological strengtar{n, Elliott, & Ross, 1987) and
correlate highly to innovation and invention counts

There are limitations to using patents as a meagurévo main reasons. First,
not all inventions or innovations are patentabbteRtability varies across industries, but
is not the case in this study. Patents are crémia firm in the pharmaceutical and
medical device industry to protect technical knalgle. A second issue could arise
because firms’ propensity to patent may vary (Caodresh Levin, 1989). However, new

and incumbent firms in high-technology industriestect their intellectual property

1. Bloom et al.’s (2013) measure modified the Eledin distance measure to better capture both
technological knowledge and market distance basguhtent main class and product sales in eacleof th
markets is defined by the respective SIC codes iRdiex is also a modified version of Jaffe’s (1986

cosine index to measure similarity of technologgdthon patent classes.
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fiercely (Agarwal, Ganco, & Ziedonis, 2009). Henicecontext of this study, patents are
a good way to capture technological distance.

To measure market knowledge, | construct a simi@asure for product market
distance using the presence of a firm in each maggment, defined based on the four-
digit SIC code. Although the SIC code is a good snea of markets in which the firms
operate, it is a very aggregated measure of preduthin the firms. An alternative
would be to create a classification system basett@complete product list of each firm.
Although | have the data to do this, one of my mapncerns in using such a system is
that some products would not be comparable. Thexefoaintaining a consistent
classification system across the industries wouoldbe feasible using product-level data
as the market measure. Instead, using the SICnsysteked well to generate a market
distance measure. | define the presence of a fireach industry code by a vectorS
(S1, Sz, S3,..- Sn), where &, is the dummy of firm’s presence in the product market
The market distance is operationalized as:

(5:5))
(S:SD2(557)"

MRKTDIST;; =

This measure ranges from 0 to 1, depending ondheeé of distance in technology
class, and is symmetric to firm ordering, so M&KTDIST; = MRKTDIST;.

| collect four-digit SIC code information on thefs@ns from the Medical
Marketplace, Corporate Affiliations, and LexisNegigtabase. Using the identified
market classes, | create a unique set of clasgeg8nerate the market distance measure.
The patented technology and products of the spilsauged to define the knowledge
distance between parent and spinout. The spinoytimharit knowledge and then patent

it. However, it may choose not to compete in a lsinproduct market as its parent or
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choose to use a different technology in the parerket. Therefore, this becomes an
important distinction when classifying the spino(Egyure 1). Market distance is
classified into two categories (high or low) thrbwey cutoff value of the median of the
distance measure (0.23). Similarly, the technolalgicstance is divided into two
categories (high or low) using a cutoff value & thedian of that measure (0.45).
Spinouts are classified based on the two categtmodmological distancandmarket

distance

Thus, spinouts are classified into four categdr@sed on the above definitions.
There are 235 spinouts with complete patent andymtadata from the initial sample of
296. Of those 235 spinouts, the classification gssgyields:
e 151 (64%) with low technological and market disenc
e 59 (25%) with high technological and low markettale
e 15 (6%) with high technological and market distance
e 10 (5%) with low technological and high market drste
The 235 spinouts have 825 partner firms. As exténtte partners of these 825
partners, spinouts, parents, and partner firmsett®, 195 firms. | generate dyad level
data for spinouts by creating a dyad where eaatosphas an opportunity to form ties
with any of the remaining 3,194 firms. The summstatistics of all the variables are

shown in Table 2.
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Dependent Variables

The key dependent variable captures the diffesgres of partner firms based on
the presence or absence of ties to the parentthfée groups of partners are direct,
indirect, or no parent ties. The first group in@adhe parent and firms that have direct
ties to the parent firm. The second group consistsms that are partners of the parents’
partner firms or that have indirect ties to thegparFinally, the firms that have neither
direct nor indirect ties to the parent composethimel group, partners with no parent ties.

Based on these partner type definitions, | gendhatdirst dependent variable
“parentNetwork.” This variable takes the valuesfirbps with direct ties to the parent; 2,
firms with indirect ties to the parent; 3, firmstiwno ties to the parent; or O otherwise.

To further understand the formation of inter-orgational ties among spinouts, |
examine the type of resources transferred acresetties. For this analysis, | create a
second dependent variable that takes a value@BXdr research, commercial, and
marketing or funding resources, respectively. Maigable takes the value of 0 when

there are no ties between the two firms.

Independent Variable
The key independent variable captures the diffegres of spinouts. To

understand how knowledge inherited by a firm fouhdg an employee entrepreneur
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influences networking behavior, | categorize thepts based on their technical and
market knowledge. This yields four dummies for egle of spinout.

In the first category, spinouts have low technatagidistance and low market
distance from their parent firm. These spinoutdateithe knowledge of their parent. In
the second category, spinouts have high technabdistance and high market distance.
These firms do not inherit any knowledge from tipgirents. The third category is
spinouts that have high technological distancelawdnarket distance. These firms enter
the parent market with disruptive technology. Tin@lfcategory is spinouts that have low
technological distance and high market distances@&lspinouts enter the new market
with knowledge inherited by the parent. This finategory is the control group for my

analysis.

Control Variables

| control for spinout characteristics such as agepber of patents, patent citation,
number of employees, and location. Incumbents cttbpartners among the new
ventures when they find the technology within thaeut attractive. Therefore, | control
for spinout partner technological and product madkgtances. | also control for
incumbents’ characteristics such as their patamdsh@twork centralityNetwork
centralityis an important measure to understand how a spimitii ties can position
itself in a network to best gain from its netwoidst The central player is assumed to
have access to the best resources. Spinouts eithea disadvantageous situation: by
inheriting knowledge from the parent firm, they amnpeting with the parent. However,
forming ties with other firms allows the spinoutdmmpete with other firms in its product

market. Although new ventures may lack the pribaate ties that incumbents’ possess,
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they can leverage their prior affiliation with thearents and their knowledge to form
ties. Forming alliance ties with incumbents helpsuge the spinouts gain access to
critical complementary resources early and helggiheize (Podolny, 1993) the spinout
in the industry. This provides the new venture ppastunity to leverage these ties to
form more ties with other prominent firms and imyats network position, especially
centrality. Hence, | include controls for “betweess’ centrality of parent and partner
firms because it captures the flow of informati@noss firms. | also control for parent
and partner characteristics, such as the numbgatehts, using a count or a dummy and

number of ties.

Methods

There are two parts to this analysis: estimatiagdrmation with different types
of partners and analyzing the resources transfeicemks these ties. For the first part, |
use exponential random graph models (ERGMiiditionally, | use multinomial logistic
regression to see if these findings hold and tonesé the different types of resources

accessed through the ties.

Estimation Using ERGM

To understand processes that influence networkdtbom (Hypotheses 1-3), |

2. The ERGM is important when analyzing tie formatiThe key difference between logistic
regression and ERGM is that logistic regressioyaea only the ego network, whereas ERGM estimates
tie formation based on the complete network ofiattis. The ERGM estimation considers simultane@is t
formation and is a complete network analysis. TiEans that the ERGM estimation requires data on the
network and attributes of both the spinout angh@xner firms. Because logistic regression onlinestes
the spinout ego network, it requires data on thieogp network and attributes to estimate tie foiorat
Thus, ERGM is a better estimation method to anafyitence tie formation. The ERGM results have ¢o b

interpreted similar to logistic regression results.
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consider the set of all possible networks thata@da formed and compare the set to the
observed network. The ERGM is better suited taresting network formation because it
improves on logistic estimation, which tests onadiy tie at a time. A comparison of
ERGM estimation to logistic regression is explaibetbw.

Let the network adjacency matrix be denotegd a$ nodei and nodg have a

link, theng;; = 1, otherwiseg;; = 0. By convention, a node cannot link to itself, so

gii = 0. This is a standard way to organize data in theasoetwork analysis literature.
In my application, each firm is a node, with aafetharacteristics that I collect in the
matrix X, (e.g. firm age, resource diversity).

A logistic regression model would estimate the piwlity of a link between firm
i andj as a function of the node characteristics

(g = 11X) Vi, j

where g is the entry of the adjacency matrix and X isgbeof firm
characteristics. However, the logistic model assuthat each entry of the adjacency
matrix is independent; that is, each link is fornmedependently. This assumption is quite
strong in this study. Concretely, the assumptiomdépendence means that if Firm 1 is
considering whether to form a link to Firm 2, thegacision is not affected by the links
that Firm 1 had already formed in the past. If Firmvere forming the link to Firm 2 in
search of higher resource diversity, the assummiondependence would be clearly
violated. In addition, the assumption of indeperm@ealso rules out that Firm 1's
decision to form a link with Firm 2 does not dep@mdthe network Firm 2 had created in
the past. However, it is imaginable that Firm 1l wénefit differently from a link to

Firm 2 when Firm 2 has a large, rather than smallignce network. Therefore, it seemed
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useful to relax the assumption of independencéerstudy’s specific application.

The ERGMs are statistical models that allow moegilile specification for
network models, relaxing the assumption of indepecd of link formation (Snijders,
2002). The ERGM estimates the probability of a ln@tween firms andj conditional on
the rest of the network and firm characteristics:

p(gij = 119-i;, X) Vi, j

whereg_;; denotes the network adjacency magiexcluding the linkg;
between firms andj. This specification allows for dependence amonksli For
example, the decision of Firm 1 to connect to Frmay depend on Firm 1's, as well as
Firm 2’s, existing networks.

The main concern in such a specification is thatctnditional probability
p(gij = 1|g_ij,X) contains endogenous regressors, because linkeddompairs of
firms other than andj are decision variables and therefore endogenowesmiin
advantage of the ERGM specification is the abtlitgstimate the joint probability of the
network adjacency matrix—that is, the joint protiyoof all the g;; elements—and thus
incorporate dependence between links in the esbmathe joint probability of all

connections between firms is given by

exp[0't(g,X)]
z(6)

where# is a vector of parameters at(@, X) is a vector of network statistics (the

P(g,X) =

total number of links, the total number of triargyléhe total number of links between
firms in the same market, etc.). These statisticerporate all the dependencies involved

in network formation decisions between firms. Thelability is known up to a
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normalizing constang(6), which guarantees that P(g,X) is a proper proligbiThat is,
it sums to 1 over all possible network realizations
This model represents a probability distributiorioall possible networks among

n firms. Given a vector of parameté&tsone can compute which network of firgss

nn-1)

the most likely to occur among t@e = possible networks. Given an observed network
Jobs, We can find the parameter estimdlg,, that maximizes the likelihood
P(g.ps|X; 6). Given that the size of possible networks vastitnambers the parameters,
estimating the probability of a network formingc@mputationally intensive, and requires
Monte Carlo simulation methods.

Notice that the conditional mode(g;; = 1|g-;;, X) is obtained from the joint

likelihood as

P(g,X) _ P(g9i;;=1,9-i;,X)
P(g-i,X)  P(gij =1,9-i;,X) + P(gij = 0,91, X)

p(gij = 1lg_i;,X) =

exp|0't(gy = 1,9-1;, X)]
z(6)
ex'p[H’t(gl-j =1, g_ij,X)] ex'p[H’t(gl-j =0, g_ij,X)]
z(0) z(6)

exp[6't(gi; = 1,9-1;, X)]
ex'p[H’t(gl-j =1, g_ij,X)] + ex'p[H’t(gl-j =0, g_ij,X)]

+

_exp [0’[t(gi]- =1,9,X)—t(gi = O'Q—ij:X)]] B exp[6'At(g_;, X)]
1+ exp [Hl[t(gl] =1, g—ile) - t(gij =0, g—l]lX)]] 1+ exp[glAt(g—ijJX)]

whereAt(g_;;, X) is the change in the vector of network statisgieserated when

the additional link between firmandj is formed.
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The variables in this estimation method are in mdtrmat. The dependent
matrix, the network of reported inter-firm ties cieated for all 1,182 firms. If two firms
have a tie, 1 is entered in the matrix cell atititersection of the focal firm’s row and the
partner’s column; and 0 is entered otherwise (Img&aRoberts, 2000). This matrix
captures the formal ties formed by the spinoutciimncludes equity, nonequity, joint
venture, and acquisition ties. Nonequity ties ideleollaboration or any other form of
agreements. However, this matrix only capturegp#rent-spinout relationship that is
established through some formal tie such as researarketing, or commercial
collaboration.

The second attributes matrix account for firm pttetechnological distance,
market distance, location, and degree centralitys attributes matrix comprises the

independent variables that determine the tie faonat

Results and Discussion

To visualize the formation of network ties amon@epts and other incumbents,
| plot the spinout ego network as of 2011 (FigureT®e spinouts represented by red dots
are connected to the parent as well as nonparemt.fiAbout 3% of the spinouts form a
network tie with their parent. Only one spinout,iéznt Corp., forms an exclusive tie

with the parent firm, Eli Lilly Corp.; it has 17 fmmts. In the graph, a black link
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represents a parent-spinout relationship; employgétee parent firm create the spinout.
A red link represents strategic network ties witlhoaparent firm. Few spinouts are more
connected to incumbents, as clearly seen fromltistering in the top half of the graph.
The graph shows that most spinouts are likely tmfoetwork ties with incumbent firms
and, at times, with other spinouts. The spinouts ltlave more than five network ties has
higher R&D output and products compared to otherafs. One such firm is ICOS
Corp., which had over 200 patents and six honed@$yto nonparent incumbents. ICOS
Corp. is in a similar product market as its pafent, Amgen Inc. ICOS formed some
nonequity ties, such as research collaborations @iaxo SmithKline in 1994 and
development and commercialization ties with Ell\LAnd Abbott Laboratories in 1998.
These firms are competitors of ICOS’s parent fifilmis clearly shows that different
spinouts have different strategies regarding tne&bion of network ties, which affects

their performance or research output.

Table 3 shows the ERGM estimates for formationlladrece ties by spinouts. The
table shows estimates for all four spinout catexgrihe comparison group is firms that
did not establish ties. | control only for firm kmitcon and betweenness centrality, as this
data is available for both the spinout and itsngad. | do not control for firm age and
size, as this information is not available forthl partner firms. In Table 3, | use a

sample of 1,182 firms that includes parent firnpgnsuts, and spinout partners. The
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parameters are estimated using simulation meth&ds.each proposed parameter value,

n(n-1)

we simulate the probability of the observed netwamiong th&™ 2~ possible networks
wheren is the number of firms (1,182). For each parameére, | run the simulation for
100,000 iterations, and use standard diagnostickeok convergence of the estimdtes.

The coefficients (Table 3) show that spinouts withilar technology and
products as their parents (i.e., low technologaral low market distance) prefer to form
tie with firms that have no parent ties. The ca#int associated with spinouts with ties
to firms that have indirect parent ties is positel significant. However, this coefficient
is lower than the one associated with firms thaehao parent ties. These results suggest
that spinouts that have low technology and low retadkstance with respect to the parent
firm are likely to seek ties with firms that have parent ties, lending support to
Hypothesis 1c. Furthermore, | find no support fgpbtheses 1a or 1b.

The second categories of spinouts have differehintglogy than their parent and
enter a different market than their parents. Fr ¢ategory, the coefficients associated
with forming ties with firms that have direct, imeict, and no ties to their parent are
0.413, 0.777, and -0.348, respectively. This resubports Hypothesis 2b, which states
that spinouts with high technological and high neaudistances with respect to their
parents are likely to form ties with firms that leandirect ties to their parent. Also, | do

not find support for Hypotheses 2a or 2c.

% | use the package Bergm for the open-source titatisoftware R.
* The higher the number of iterations, the more ipeethe estimates. The trade-off is between
precision and time for convergence. | experimemigd different length of the simulations, to telsét

robustness of my results.
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Finally, spinouts that have high technological &owd market distances from their
parent are more likely to form ties with firms thetve direct ties to their parents. These
results lend support to Hypothesis 3a and dispktymotheses 3b and 3c. These firms
enter the parent market with new technology re¢atostheir parent firms and pose a
potential threat to parent technology. As a reshiéise firms are in a better bargaining
position than other types of spinouts and are tabtake advantage of their founders’
prior affiliation to search for partners withinrfis that have direct parent ties.

Spinouts enter into alliance ties with other firm®rder to gain access to
resources. New firms have limited resources anerg¢hé market with technology or
product. However, their survival and success itftechnology industries is contingent
on forging successful inter-organizational alliaties to access complementary
resources. Therefore, the next question is, wisaiurees are transferred across these
ties? Tables 4 and 5 show the multinomial logistitmate that examines what resources
are transferred across inter-organizational alkaies. The key dependent variable
captures three categories of resources, ranging fesearch, commercial, and marketing
or funding resources. The marketing or funding ueses category comprises

manufacturing, marketing, and funding resources.
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New ventures have limited, crucial resources analtwaprotect them from
misappropriation by their alliance partners. These firms face a greater level of risk
when they collaborate with firms that have eithieect or indirect ties to their parent.
Therefore, spinouts that choose to fulfill theieddor resources with these firms are
more likely to seek the resources for commerciibrabut avoid research ties that would
allow their partner to access their core technalogy

| find support for this conjecture for all typessginouts (Table 4). Wald tests
yielded chi-square values of 4342.58, 24.83, and5tr research, commercial, and
marketing or funding resources, respectively. Adlde values were statistically
insignificant, suggesting that the coefficientgldferent types of spinouts are statistically
different. As such, spinouts that seek ties witin§ that have either direct or indirect ties
to their parents access commercial resources thrihay alliance ties. Spinouts that
form ties with firms that have direct or indire@rpnt ties are those that have different
technology or operate in different product marketsheir parents. Spinouts that are
different from their parent in either technologyproduct market forged mostly
commercialization ties. These results lend supjoortypothesis 4.

| analyze the resources transferred across ti¢sfiums that have no parent ties
using multinomial logistic regression (Table 5)irguts that have low market and low
technological distances have the propensity tdbéstamarketing, manufacturing, and
funding ties. On the other hand, spinouts that lngle technological and product market

distances are more likely to establish researsh Earthermore, spinouts that enter
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similar markets as their parent with a differeht@ology relative to their parent are
likely to establish marketing, manufacturing, andding ties. Wald tests yielded chi-
square values of 16.53, 113.71, and 32.88 for rese@ommercial, and marketing or
funding resources, respectively. All these valuesnat statistically significant,
suggesting that the coefficients of different typéspinouts are statistically different. In
sum, spinouts that have similar technology andaipen similar markets as their parents
are likely to establish marketing, manufacturingfumding ties with firms that have no

parent ties, supporting Hypothesis 5.

Robustness Checks: Multinomial Logistic Estimatidar Spinout Alliance Formation
Prior research uses logistic regression to estithat@ropensity to establish an
alliance tie. Partners are categorized based oprédsence or absence of ties to the parent
firm. Therefore, | use multinomial logistic regressto estimate the spinout’s propensity
to form alliance ties with firms that have dirdatlirect, or no ties to the parent. The
coefficients generated by the multinomial logisggression and ERGM cannot be
compared directly, as the two methods are compleié&krent in their underlying
estimation methodology. The ERGM is better suitethtmultinomial logistic regression
to estimating tie formation, as it accounts forretation among ties (as explained in the
methods section). However, it is possible to comlae findings from multinomial
logistic regression to those from ERGM. In the cafseonflict, ERGM results would be
more reliable. The multinomial logistic regressaiso allowed me to control for spinout
characteristics such as firm age and size (numbamployees). This data is not
available for the spinouts’ partner firms. Hencdid not incorporate it into the ERGM

estimation.
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The multinomial logistic regression results arevehan Tables 6 and 7. In Table
6, spinouts in the excluded category have low teldgical distance and high market
distance from their parents. Table 6 shows thatogfs similar to their parent in both
technology and product market (low technological Enw market distances) are likely to
form ties with firms that have no parent tie. Trasult supports Hypothesis 1c and yields

a conclusion similar to the ERGM results.

The second category is spinouts that have higmtdogical and high market
distances. These firms are not related to thegmgaechnology or product market. I find
that these spinouts are more likely to have tiggtes with indirect parent ties,
supporting Hypothesis 2b. This result is similathte finding from the ERGM estimates.

The final spinout category reported in Table Gns$ that have high
technological distance and low market distance ftioar parents. These firms enter the
parents’ product market using a different technglttgan their parents and are likely to
develop ties with firms that have no parent tidasTesult contradicts the ERGM
prediction that these firms would form ties witmis that have direct parent ties. This
discrepancy may be due to ERGM'’s ability to accdanthe underlying network
structure that could shape tie formation. Therefthre ERGM results are more reliable.

Wald tests produced chi-square statistics of ©88.7, and 4.76, for ties to firms with
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direct, indirect, or no tie to the parent firm,pestively. Furthermore, the Wald test
results were statistically insignificant, suggegtihat the coefficients of the three spinout
categories in this estimation are statisticallyed#ént.

| perform additional analysis where | exclude spisowith low market and
technological distance from their parent (TableR8sults in this table suggest that
spinouts that have high market and high technoddgilistances from their parents are
likely to form ties with firms that have indireces to their parent. This further
strengthens the findings from the previous multir@dwogistic regressions and ERGM
estimations for Hypotheses 2a-2c. | find that spiaavith high technological and low
market distances from their parent are more likeljorm ties with firms that have direct
parent ties. These results contradict the multimbrogistic regression (Table 6) and
concur with the ERGM results in (Table 3). For ttése, | rely on the ERGM, instead of
the multinomial logistic regression, results. Wiasts produced chi-square statistics of
8.97, 50.53, and 9.26 for firms with direct, indireor no ties to the parent firm,
respectively. Furthermore, the Wald tests aressieaily insignificant, suggesting that

the coefficients of the three spinout categoriesshatistically different.

Conclusions

This chapter set out to examine the effects ouader’s prior employment in
shaping the formation of a spinout’s alliance netwvé spinout inherits knowledge from
its parent firm, but this knowledge inheritance esmwith strings attached. The spinout
does not become successful due to inheriting krnaydelnstead, it becomes successful
based on how it uses this inherited knowledge entlarket they enter. One such use of
knowledge inheritance is to forge external relatfops with other firms.
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To understand the extent of the benefits from iningrthe parent’'s network, |
classify the partner firms based on the presenedsence of their ties to parent firms.
The three types of partner firms are firms thatehdivect, indirect, or no parent ties. |
find that spinouts that have similar technology@ in similar product markets as their
parents are likely to seek out partners with n@ptties. On the other hand, being
different from their parents allows these spindatseap the benefits of their parents’
networks by seeking firms that have either dir@dhdirect ties to the parents. Spinouts
that have different technology and enter differaatkets from their parents forge ties
with firms that have indirect ties to their pareriihis suggests that spinouts fulfill their
needs by forming ties with firms within their par€metworks. However, they deal with
collaboration risk by distancing themselves from pfarents’ core network (parents’
partners) and form ties with firms that have omigirect ties to the parents. These
spinouts continue to face competitive pressurecatidboration risk from firms within
their parents’ networks. Finally, the spinouts thiatter a similar product market with
different technology from their parents’ form ti@gh the parents’ partners. These
spinouts enter the parent market with a technotbgycould threaten the parents’
products. This leverage aids the spinouts in nating alliance ties with firms that have
direct ties to the parents.

Spinouts that forge ties with firms that have dir@cindirect parent ties pursue
only commercialization ties. The partners proviegulatory resources the spinouts need
to enter the market. However, they shy away frorgifg research ties with these firms,
because collaboration risk is too high in the eathges of technology development.

Spinouts that seek partners with no parent tiedilely to seek manufacturing,
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marketing, or funding ties. These firms cannot tage their founders’ prior affiliation to
scope out only partner firms that do not pose bolation risk. One way to reduce this
risk is to avoid research or commercialization thegt would allow partners to access the
spinout’s core technology. Spinouts that are daffiefrom their parents in terms of
technology and/or product market form ties witimférthat have direct or indirect parent
ties—and these spinouts seek commercialization$ipmouts that have similar
technology and operate in similar product markatsheir parents are the only firms that
seek firms with no parent ties. These spinouts Infstge marketing, manufacturing, or
funding ties.

One of the challenges to understanding the relgtipnbetween a new venture’s
alliances and its founder’s background lies in togeof the new firm. This study
captures this role of new venture creation throtinghknowledge measure. Knowledge
inheritance is the most common way to capture spiaceation, and | observe the
knowledge that the firm received from the parentsainception. This analysis is limited
to firm-level controls; individual-level controlsese not possible to analyze because the
available data did not capture individual actionthin the firm.

This paper makes three key contributions to newureralliance and spinout
literature. First, this study expands the resoperspective of new venture alliance
formation by examining how young firms make stratexgpoices to seek resources
through inter-organizational alliance ties. Newtuwees face greater collaboration risk
and need to be very conscientious when seekingegrarto fulfill their resource needs.
Second, this study examines the influence of fotsid®cial capital on external

relationships established by new organizationss Thnnection is difficult to establish in
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prior studies because of the lack of data regardewg venture alliances and the
founders’ prior affiliations. The social capitalcaenulated by the founders’ results from
the pattern of contact networks those individualsegience. This study enhances
understanding of how a founder’s social capitaidtates to alliance networks at the firm
level. Third, this study establishes that the ieflae of the unique historical conditions
under which firms are created leads to a path-d#gr@rprocess of network formation. In
this study, the parent of the spinout firm contmte cast shadows on the post-spinoff
relationships it forges.

A key implication of this study is the continuedluence of the parent on the
spinout’s partner choices. Spinouts similar tortparents with respect to technology and
product markets are likely to partner with firmglwno parent ties. Spinouts that differs
in both technology and product market are likelgtgage in a local search for partners
that have indirect ties to their parents. Only epis that enter the parent market with a
technology different from their parents are likedybenefit from their parent network and
seek partners with direct ties to their parent.réfaee, the manager of a new venture
seeking alliance partners needs to be cognizahiedbunder’s background; and if the
firm is a spinout, the manager needs to be awatieegbotential collaborating risk from
firms in the parent’s network. However, spinoutsksenly commercialization resources
from partners with direct or indirect parent tiearthermore, they can deal with
collaboration risk by screening potential partr@rdy forming ties that allow access to
different types of resources. The best way seekear and leverage the founders’ social

capital is to balance that collaboration risk wikir resource needs.

45



Chapter 2: Effects of Founders’ Background on Retea
Alliances, and Performance: Employee and Acadetad-8ps

Introduction

New ventures have limited resources and thus kidrah their founders’ pre-
entry experience. The founding conditions of atatprdetermine its ability to learn and
adapt to the competitive environment in the long (@ohen & Levinthal, 1990). The
founders’ pre-entry experience determines the messiendowed on the start-up and in
turn shapes the founding conditions of the newwentAs a result, the heterogeneity in
founders’ background has an effect on the formadicirms’ alliance ties, research
output, and performance.

The literature on employee and academic entreprehg has looked
independently at what determines the success séthew ventures. Firms founded by
employee entrepreneurs benefit from their foundedistry experience (Agarwal et al.,
2004; Chatterji, 2009), whereas academically fodrftdens benefit from having founders
from prestigious universities (Shane, 2004). Fewiepal studies have compared the
performance of these two types of start-ups (En&léimieleski, 2005; Wennberg,
Wiklund, & Wright, 2011; Winston Smith & Shah, 20Q1& have examined the role of
knowledge garnered by the founder’s university atioa on the firm’s performance

(Wennberg et al., 2011). This study builds on thergvorks by examining how the
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founders’ backgrounds influence the alliance nekwasearch output, and performance
of academic and employee start-ups.

Employee start-ups are firms founded by individuaho have prior experience in
the industry, and the prior employer of the empéogatrepreneur is the parent firm.
Academic start-ups are firms founded to commexaadi technology or idea developed
within an academic institution, which may be a agsk laboratory or university. | use
longitudinal data from start-ups in the pharmaaaltand medical device industry from
1986 to 2013 for this study. | find that employé&srtsups are more likely to form alliance
ties with other firms, and their alliance netwosgks larger than those of academic start-
ups. However, employee start-ups tend to favorthiasallow them to access research
and commercialization resources, as compared tbeaua start-ups that use their
alliance ties to gain access to funding, marketmgl manufacturing resources.
Additionally, academic start-ups are more likelyhtove a large number of patents.
Furthermore, the founders’ backgrounds do not deter the firms’ IPO or acquisition.
These results suggest that the founders’ backgsosinape the new ventures’ initial
choices regarding research output and allianceliesever, the firm outcome results
suggest that the founders’ influence may be limiteshaping the paths the new ventures

take, and has no affect on the firms’ survival, JRglure, or acquisition.

Research Questions

Prior research has established that the foundingittons have a long-lasting
effect on the performance of these new venturegnPérms are previous employers of
the founders of employee start-ups. Successfuhpéirens generate successful employee

a7



start-ups (Agarwal et. al, 2004), while leadinguansities generate academic start-ups
that are more likely to survive (Shane, 2004). Hejeneity between these two types of
start-ups arises from the process of new ventwation. These differences in their
founding conditions shape their research outpliarale ties, and performance.

Employee start-ups are firms founded by emplopé@scumbent firms in the
same industry (Agarwal et al., 2004; Klepper, 20@EMployee entrepreneurs use the
technical and nontechnical knowledge inherited ftbeir employers (Agarwal et al.
2004; Chatterji, 2009; Franco & Filson, 2006; Klepg. Sleeper, 2005). These new
ventures have complementary assets relevant imalnieet of entry, since they enter
markets related to their prior work experience (Risi, 2002). Their entrepreneurial
background determines their access to resourcdg]itiarent founding conditions lead
to heterogeneity in the knowledge within these nemtures (Agarwal & Shah, 2014).
Employee start-ups can leverage their foundersishg experience to seek alliance
partners.

The industry experience of founders of employeaetstps shapes the knowledge
within the new venture (Agarwal et al., 2004). Eayae entrepreneurs inherit technical
knowledge through their founders’ pre-entry experee(Agarwal et al., 2004; Chatterji,
2009; Klepper & Sleeper, 2005) and enter producketa similar to their parents’
markets (Phillips, 2002). As a result, these stpg-are endowed with knowledge and
resources relevant to the market of entry (Helfati€erman), making them better at
navigating the product market. Furthermore, thep glain nontechnical knowledge
(Chatterji, 2009; Mitton, 1990; Stuart & Sorens@fip3a; 2003b) and social capital

through their founders’ experience (Hallen, 2008b&ts & Sterling, 2012).
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Nontechnical knowledge includes downstream actisisuch as marketing, distribution,
and overcoming regulatory barriers to commercidiegr product. For example, Roberts
and Sterling (2012) showed that employee starthufise Ontario wine industry
leveraged their founders’ industry experience, sodal capital gained through their
prior employer in the same industry, to create sssful new ventures.

Employee entrepreneurship literature includesistuith different high-
technology industries that are highly competitstech as medical, laser, biotechnology,
and semi-conductors (Chatterji, 2009; Ganco, 281&yper & Sleeper, 2005; Stuart &
Sorenson, 2003a; 2003b). Because these industedsghly competitive, employee
entrepreneurs pursue the route of entrepreneunsbgly when they can protect their
intellectual property through patenting (Ganco,2lepper & Sleeper, 2005). In these
industries, technical knowledge plays a cruciat ialthe success of new firms; thus, new
ventures use patents to protect their knowledge.

Academic start-ups evolve from universities wtik tntention of
commercializing intellectual property developedhimntthe university or research
institution. Technical knowledge plays an importaoié in creating successful start-ups
(Shane, 2004), and academic researchers gainntwvglé&dge through their experience in
academic institutions. Prior research in academticepreneurship has focused on start-
ups from one or a few prestigious universities sagkthe Massachusetts Institute of
Technology (Shane, 2004), the University of Cafifar(Lowe, 2002; Lowe & Zedonis,
2006), and universities in the United Kingdom (LettkSiegel, Wright, & Ensley, 2005;
Vohora, Wright, & Lockett, 2004). The advantagausing this limited sampling frame

was that these studies were able to disentanglentnepreneurial process of firm
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formation. However, the authors were careful algaumeralizing these results for two
reasons. First, these start-ups could be more ssitt¢han average academic start-ups
due to their superior lineage. Second, the locairenment, which may provide better
availability of resources and opportunities, mayenshaped the results of these studies.
Academic start-ups’ knowledge is strongly relatethe technology they develop
in academic institutions. Most studies of acadestact-ups were conducted in high-
technology industries such as life sciences, biotelogy (Lowe, 2002; Shane, 2004,
Stuart & Ding, 2006; Stuart, Ozdemir, & Ding, 200&@ihd science and engineering
(Lockett & Wright, 2005; Vohora et al., 2004). Knlaage is crucial for success in these
high-technology industries. However, these stagugve limited industry experience.
Their founding conditions endowed them with reskacs technology-related resources,

but their limited industry experience could affdwir opportunities to form alliance ties.

Heterogeneity in Founders’ Background and EndowmesftKnowledge

New ventures benefit from their founders’ pre-gmixperience and knowledge.
Employee entrepreneurship has focused on this laudgel in terms of technical and
market know-how related to products and servicegm(®al et. al, 2004; Chatterji, 2009;
Franco & Filson, 2006; Phillips, 2002). The litena on academic entrepreneurship has
looked at this knowledge in terms of scientificatigery in academic institutions (Lowe
& Zedonis, 2006; Shane, 2004). | combine theselit@mture streams to examine the
effect of different founders’ backgrounds on thren’ research output, alliance
formation, and performance.

Employee start-ups are firms founded by employdgeepreneurs in the same

industry as their parent firms or firms that are ghior employers of their founders.
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Given the founders’ experience in the same indusimnployee start-ups are more likely
to have relevant resources and knowledge for tharket of entry. Employee start-ups
leverage this technical and nontechnical knowlé¢dgeavigate the challenges in the
market of entry, especially in their search foatggic alliance partners (see chapter 1).
Academic start-ups are firms founded by acadentiepreneurs to commercialize a
technology borne of innovation in an academic fn8tn or university. These firms have
little or no industry experience through their fdens and may face difficulties
navigating their product market and finding strategdliance partners. In sum, employee
start-ups are better equipped to deal with protharket entry compared with academic

start-ups.

Effect of Founders’ Background on Formation of Aléince Ties

New ventures need complementary assets and kngevtetevant to the market
of entry (Helfat & Lieberman, 2002). Inter-orgartipaal relationships serve as a means
for the focal firm to access critical resourcessaig the firm (Dyer & Singh, 1998). New
ventures have limited resources, so establishihgark ties reduces their risk related to
firm survival. As a result, a new venture can inyard@s survival chances by securing
relationships with key industry players. These rekities give access to knowledge,
resources, and capabilities from the partners, wwvbampensate for the disadvantage of
the new venture’s inexperience (Hite & HesterlyQ20 As a result, forming ties with
other firms increases the start-up’s chance ofigakrthrough increased access to
complementary resources (Pisano, 1990) and legitimhrough association with

successful firms (Baum & Oliver, 1991) and accesthé partner firm’s network.
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The firm formation process shapes how new ventyoesbout seeking their
alliance partners. Employee entrepreneurship partifeis process as formation
predominantly through disagreements (Klepper, 2@007), utilization of unexploited
parent know-how (Agarwal et al., 2004), or imitgtiparent knowledge (Franco &
Filson, 2006). This path of firm creation leadstmpetition between the parent and the
employee start-up in the same product market, ls@dampetition shapes the new
venture alliance network (see chapter 1). On therdtand, academically founded firms
are created in relatively collaborative environnsethe university or academic institution
fosters the academic start-up’s process of comaiezicig the innovation. However, the
start-up’s limited industry experience limits itsilay to find alliance partners.

Employee start-ups have experience in the samusindas their parents by virtue
of their founders’ pre-entry experience. Acadenmtrepreneurs create start-ups to
develop early-stage research and need complemeagseys to develop their technology.
However, academic start-ups lack the industry egpee that employee start-ups have
through their founders’ backgrounds. One implicad this stark difference in industry
experience transpires in the form of alliance neksdorged by these two start-up types.
In addition, the differences in the founders’ backonds could also drive the types of
resources they seek. Hence, | explore the diffayges of resources transferred across
each tie.

Differences in the alliance network size and typleiesources can positively
influence the firm’s performance (Baum, Calabr&s&ijlverman, 2000; Lavie, 2007;
Powell, Koput, & Smith-Doerr, 1996). As firms inase their number of ties, they must

pay attention to the alliance network compositmm@avtoid redundant ties that provide
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access to the same information (Burt, 1992) or dementary capabilities (Gomes-
Cassees, 1994). As the diversity of resourcesase® it creates access to different
resources and creates multiple sources of infoomddr the focal firm. Each tie can
transfer different types of resources. Thereforneerdity among these resources captures
the strategic nature of tie formation. Efficientwmerk composition consists of diverse
resources (Baum et al., 2000), and this diversityaaces the firm’s performance for two
reasons. First, it increases the diversity of cem@ntary resources that the focal firm
can access. Second, it identifies whether theifirfarging ties that allow access to
similar resources, and whether every tie increasesss to new resources. Redundant
ties could tax the focal firm by adding to the cofstollaboration without the additional
benefit of accessing diverse, complementary regsurks resource diversity increases,
the chance of the start-up’s survival improves.réf@e, both the number of ties and the
different types of resources transferred througiséfties are crucial to understanding the
effect of the founders’ backgrounds on the alliane®vork configuration of these two
start-up types. In the first question, | examine phopensity to form ties and the alliance
network characteristics of both start-up types.

Question 1: Are employee start-ups more likely theademic start-up to aggressively
seek alliance network ties with other firms? Iflsow do the alliance network

characteristics of employee start-ups differ frdvoge of academic start-ups?

Effect of Founders’ Backgrounds on Research Output
New ventures are endowed with resources througjhfibunders’ pre-entry
experience. The resource endowment of a new veatute founding is an important

predictor of the knowledge within the firm and gteategic decisions it will make. These
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founding conditions have long-lasting effects oa finm’s survival and success (Boeker
1989; Stinhcombe, 1965). However, because new famasulnerable to
misappropriation of crucial resources by other &nimthe industry, patenting would
protect their knowledge. Additionally, firms withigperty rights have better bargaining
positions than do firms that do not have patents.

Academically founded firms have research expeaeghmugh their founders’
pre-entry experience. Does this research experigagslate into better research output
than for employee start-ups? Academically foundeds benefit from their affiliation
with their parent institution and leverage resosnaghin the research institute to pursue
their own research. Benefits of parent-institudfiliation include access to crucial
resources such as the research facility, techneti@mgfer office, and infrastructure. The
key characteristic of the knowledge pursued bydlaademic start-ups is that it is for
novel technologies (Clarysse, Wright, & Van de \&Il8011). These technologies are
developed after creation of a new venture (Loweeti@his, 2006). Therefore, the second
guestion compares the research output of emplayg@e@ademic start-ups.

Question 2: How does the patenting behavior of eye# start-ups differ from that of

academic start-ups?

Effect of Founders’ Backgrounds on Firm Performance

New ventures have limited financial data, and tiinas survival is the most
commonly used measure to evaluate a start-up’sqmeaince. Employee start-ups have
relevant industry experience due to their foundprs-entry experience. Using

comprehensive longitudinal data of entreprenefirias in Sweden, Wennberg et al.
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(2011) found that firms founded by employee entapurs survived longer than and
outperformed academic start-ups in terms of growth.

Another common measure of firm performance is #@ acquisitions.

Academic and employee start-ups are equally lik@lyo public (Audretsch & Stephan,
1996). Academic start-ups lack industry experighceugh their founders’ pre-entry
affiliation; thus, being acquired is a successhil. @&cademic firms are very likely to be
acquired by established firms (Lowe & Zedonis, 20@&en after IPO (Bonardo, Paleari,
& Vismara, 2010).

Employee start-ups have relevant industry expeegwhereas academic start-ups
have research experience. Both types of new venheed access to the right resources
at the right time. Employee start-ups can levethge founders’ pre-entry experience to
seek partners (chapter 1). Alternatively, they ganerate patents to protect their
knowledge. Academically founded firms could exdehas due to their founders’
research experience. If the founders’ backgrouhdpesthe research output and alliance
ties of employee and academic start-ups, then tthiesfluence extend to firm
outcome? Firm outcome is captured as firm survil¥D), acquisition, or failure. A better
measure of firm performance is the detailed finalhdata of a firm’s income and gross
profit. However, only limited financial data is akéble for new ventures. Therefore, firm
outcome is a good way to evaluate their performadeace, the final question that |
examine is:

Question 3: How do employee start-ups perform netatio academic start-ups?
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Data and Methods

Empirical Context

The pharmaceutical and medical device industeygeod empirical context to
compare and contrast employee start-ups with acadsart-ups for two reasons. First,
this industry is highly competitive. Firms needtbtgchnology and alliance ties with
other firms to be successful in this industry. S&;gharmaceuticals and medical
devices are heavily regulated, making commerciatinaof the technology extremely
challenging and expensive. One common way to diéhltiMs competition is to form
alliance ties with other firms to aid their resémrcommercialization, and marketing
processes. Hence, both patents and alliance netvaoekessential features of their
survival strategy and success, making this industrideal context to examine employee
and academic start-ups.

Comparing employee start-ups with academics gfastis extremely challenging
because of the limited information available altbetfounding conditions of new firms.
| deal with this challenge by developing a uniqatatiase, created by digitizing Medical
Marketplace guides from 1986 to 2003. | use thisligkd Marketplace database to
identify the start-ups’ origins and then constraicinique longitudinal dataset from 1986
to 2013 by combining data from different databases.

There are four key parts to the data collecteth founding, patent information,
alliance network, and financial data. First, infation regarding the founders’
backgrounds enables me to identify if an academancemployee entrepreneur created
the start-up. | use data from the Medical Marketpldatabase, along with data from

LexisNexis and ThompsonOne, to establish the foaghdonditions of all the start-ups. |
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initially identify all 2,549 firms founded after 88 from the Medical Marketplace
database. | then track the founding team or inféionaabout the founding conditions.

New ventures are defined as employee start-upgs @wheéncumbent firm in the
industry previously employed a member of the nem’8 top management team. During
this classification process, | consider the emplegtrhistory of the top management
team only within five years of founding year foraweasons. First, the founder
determines the top management team compositiomnwithinitial years of existence
(Beckman & Burton, 2008). Moreover, in this indysthe core structure of the start-up’s
top management team usually remains the sameddirsh five years. Second, some
firms were reported in these guides after five géaym their founding date. Small firms
are difficult to track, and few firms are trackedefyears after their creation. In addition,
the history of the firm is reported in detail, lthieé top management team is reported only
for the current year. Most of the top managemearntbas founders making this data
very reliable. | also track the history of top mgement teams using ThompsonOne and
LexisNexis database to identify employee start-ups.

Academic start-ups are firms founded to commearaa technology developed
within any research institution. | identify academtart-ups through the description of
the firms’ founding conditions and include all tivens founded by academic scientists or
established to commercialize a technology develay#dn a research institute (e.g., a
university or research organization). The finalbdetntains 173 academic start-ups and
145 employee start-ups.

The second part of the data is related to innowatiithin the start-up and is

captured by patent data collected from the Delpkdiatabase. The third component of the
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dataset is the alliance networks established bgetstart-ups. | use the Medical
Marketplace database, SEC Filings, and LexisNexisd¢over the alliance history for
each start-up. Finally, | collect financial datarfr the Medical Marketplace database,
SEC filings, COMPUSTAT, and additional firm-leveiaracteristics like firm age,

number of employees, location, and firm historyrirthe Medical Marketplace database.

Variables

| test the above questions regarding the effett@founders’ backgrounds on the
performance of start-ups using the data on emplagpdeacademic start-ups in the
pharmaceutical and medical device industry. | areathe effect of the founder’
backgrounds on the research output, alliance n&teamfiguration, and firm outcome in

terms of survival, IPO, failure, and acquisition.

Dependent and Independent Variables.

The key dependent variables are research outpatice network configuration,
and firm outcome. | capture the start-up’s researgput using patent data collected
from the Delphion database. | measure the propetwshiave patents using a dummy
variable that takes a value of 1 when the firmdtdsast one patent at any time and a
value of 0 otherwise. | also capture the quantiy quality of patents using the number
of patents and the average citation of these pgatesgpectively. The patents quantity is
measured using the total number of patents eveyamed the cumulative number of
patents across all years. The average numberaiotis is captured as an average across
all years and the five-year average citation issuezd as the average number of citations

within five years after the patent is granted.
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The second set of dependent variables capturedlitiece network configuration
by measuring the total number of ties and resoureesferred across each tie. The data
on alliance ties is gathered from the Medical Mgplexe database, LexisNexis, and SEC
filings. | capture the propensity to form alliartees with a dummy variable that has a
value of 1 if the start-up had at least one alkatie and a value of O otherwise.

To understand further how these start-ups levettagje alliance ties to gain
access to different resources and partners, letbfierent measures to capture
characteristics of the alliance network. The foisaracteristic is the size of the network,
measured by the total number of ties. For the @eenamber of resources transferred
across each tie, | use four categories of resoucoasmercial, research, marketing or
manufacturing, and funding. | measure the averageber of resources transferred
across each tie forged to capture the strengthtief because a firm with stronger
alliance ties can access a greater variety of resesul also measure the number of ties
that transfer three specific types of resourcesearch, commercial, and marketing or
funding. Each tie could transfer more than oneuss® hence, the resource count does
not directly match the number of ties. The reseaesburce captures research and
development, clinical trials, and anything relatedechnology development. The
commercial resource captures commercializatioenBing, and regulatory related
resources. The marketing and funding resourceadeanarketing, sales, manufacturing,
and funding-related resources. | then measureitteesity among the resources or
partners in the new ventures’ alliance networks;eshaving the same number of alliance

ties does not mean the alliance network is stratifuequivalent.
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The concept of “structural equivalence” (Burt, 2B9vherein firms participating
in similar businesses are considered homogenaesnrs of skills, ties, and assets, has
been used to justify the assumption that simitanditransfer similar resources across
ties. Another implication of structural equivalenséhat all resources between firms that
form ties are readily accessible to both firms.sTikinot usually the case in the
pharmaceutical and medical device industry, whatemni rights are heavily protected
and firms may work together on research projecéndd, to understand which resources
are being transferred across these ties and tfegadites across the partners, | create
diversity measures related to the types of ressuaiod partners.

The first measure relates to partner diversitysd a Herfindahl index to measure
the heterogeneity of partners. Partner diversiptuo@s the extent to which the start-up
can find diverse partners. In this study, the défe types of alliance partners are
universities, research labs, government intuititiospitals, and firms. | define partner

diversity’ as
PartnerDiversity; = (1 — E (PP;;)*)/NT;
ij

where PR is the proportion of resources received by stpitthrough its alliance with
partnerj, and NT is start-ups total number of alliance ties to other firms.idtalue
ranges from 0O to 1, and higher values indicatetgrdeeterogeneity among the alliance

partners.

5. The partner diversity measure is captured agarktefficiency, or how efficient the start-up’s
network is (Baum et. al, 2000). In this paper, hditrersity measures merely capture the heterogeoéit

resources or partners in a network.
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The second measure is resource diversity, whiptuoas the heterogeneity of
resources transferred across each network tieingfigm research to
commercialization. The different types of resouraesresearch, commercialization,
manufacturing, marketing, and funding. This indicaheasures which resources are
transferred across all the ties that the focal treates. For example, a firm may invest in
ten ties to gain access to research resourceg @kttiner firms, or it may use four ties to
access research resources and six ties to accdsstimgaresources. The Medical
Marketplace database allows me to examine alldbeurces transferred across the ties
and to compute the diversity measure for the atkametwork. Resource diversity is
calculated using a Herfindahl index that variesft@ to 1. A value of 1 indicates that the
firm gains access to a diverse set of resourcesteas O indicates that the firm gains
access to one type of resource. Higher valuesatglimore heterogeneity of resources.

Resource diversity is measured as
ResourceDiversity; = (1 — E (PRij)*)/NT;
ij

where PR is the proportion of resources received by stpitthirough its alliance with
partnerg, and NT is start-ups total number of alliance ties to other firms.egb two
measures capture different types of diversity antgpgs of partners and resources.
The final dependent variable, frmOutcome, cauhe firm’s outcome:

survival, acquisition, IPO, or failure. This vari@abmeasures the economic performance
of the start-up using firm outcomes rather thaaririal indicators such as net income or
sales. Using firm outcome to capture start-up parémce is standard practice in the
literature (Chatterji, 2009), due to limited finaadata available for small firms. The

firm outcome data is consolidated using informafram COMPUSTAT, the Medical
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Marketplace database, SEC filings, and ventureXgegetbases. | have limited financial
data, such as gross profits, for some firms, andlide an analysis for this subsample in
Tables 8 and 9. The skepticism associated withgditiese regressions on gross profits,
net income, and net sales is that this subsamgliedes start-ups that were relatively
more successful.

The key independent variable is the start-up durtiayidentifies whether the

firm is an employee (value 1) or an academic (valustart-up.

Control Variables.

The control variables are the number of employexal number of patents, total
number of ties, firm age, and resource and padiversity measures. Firm age is the
number of years elapsed since the start-up’s fogngear. | control for firm age because
new ventures’ focus on technology and capabilieyextpected to increase with time. The
data comes from the Medical Marketplace databakehwprovides extensive
information about how these start-ups are creat@do control for firm size by using the
number of employees in the start-up every yearg&idirms have more resources to
devote to innovation and product commercializateong thus perform better.

Firm location could allow them to access resoupresent in their local economy
due to geographic agglomeration of firms within siaene industry. As a result, being
closer to countries with more innovation activitisghe pharmaceutical and medical
device industry may provide some benefits. Addgitn every country has its own
regulations, and variations in these regulationg aftect the start-up’s performance. All

variables and their definitions are listed in TaBle

Insert Table 8 (List of variables) here
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Results and Discussion

Alliance Network Configuration

Employee start-ups have relevant industry expeégand they leverage this
experience to seek alliance partners (chapter dgdé@mic start-ups have limited industry
experience, curtailing their opportunities to fasiiance ties. The relevant industry
experience of employee entrepreneurs could shape tman just alliance ties of these
firms. More importantly, it could affect the typekproducts that these start-ups pursue.
In this study, | focus only on alliance ties, asrthis no consistent product-level data for
these start-ups. There are three key issues wli#ctag such data. The first is that the
FDA database captures only products approved ibtiited States. However, the new
ventures in this study were from all parts of therhel, making it challenging to collect
detailed product-level data for all the firms. Tezond issue is that most firms listed
only their latest product. The concern is thatfitet product introduced by this firm may
not have shown up when | searched the FDA or cosnp@tsite for information. Third,
the level of detail for each product may vary basedts importance to the firm, and
there could be no consistent way to classify thEnerefore, | stuck to alliance network
ties established by these firms as a way to capionethese new ventures leverage their
founders’ pre-entry experience in their marketsmfy.

Founders affect the way start-ups forge theiaalle networks. First, | examine

the propensity of employee and academic startafsm at least one tie. | estimate the
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probability of establishing at least one tie udmgjstic regression. Table 9 shows that
employee start-ups have a higher propensity to fahances than do academic start-ups.
Clearly, employee start-ups are eager to leveiagje televant industry experience to
forge ties with other firms. If so, what sort oliahce ties do employee start-ups forge,

compared with academic start-ups?

The next set of analyses digs deeper into thenadi network composition by
examining the size of the alliance network andrés®urces transferred across these ties.
Figure 4 clearly shows that there is a stark daffiee between the alliance networks
forged by employee start-ups and academic starthugagpture the size of the alliance
network by the total number of ties across all gedhe second measure of alliance
network characteristics is the average numbersafueees transferred across each tie the
start-up formed. The measure of resources traesfecross these ties is resource
diversity, which captures different types of resmsrtransferred across all ties.
Additionally, | capture the heterogeneity amonggalte partners using the partner
diversity measure. | use random effects modelalfidhese regressions. The key
independent variable, start-up type, is time irevat;i therefore, a random effects model is
a better specification than a fixed effects modibke sign and significance of coefficients
did not change between random effects and thefixad effects regression. However, a

random effect is the better specification, as sugpdy the Hausman specification test.

Insert Figure 4 (Number of Alliance) here
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Table 10 shows the estimated effect of the typ&tat-up on the network of the
new venture. The dependent variables for this aisbre the total number of ties, the
average number of resources transferred acrosgieaossource diversity, and partner
diversity (columns 1-4, respectively). | find tlrehployee start-ups have larger networks
than academic start-ups (column 1). | then exarhiaeharacteristics of these networks
(columns 2-4). On average, employee start-ups@aiass to more resources per tie
(column 2) and have lower resource and partnersityehan do academic start-ups
(columns 3-4). Although employee start-ups may s&€oeore resources with each tie,
their overall network gains access to fewer tygdegsources and partners. Does this

imply that employee and academic start-ups seérdift types of resources?

To understand why employee start-ups have lovegruree diversity but higher
average number of resources transferred acrosgieablan do academic start-ups, |
examine which resources were transferred across ties (Table 11). | group these
resources into three categories: research, comahegiod marketing or funding ties. The
dependent variables are the number of researchpeocial, and marketing or funding
ties (columns 1-3). The results suggest that ene@®yart-ups are more likely to pursue
research and commercialization resources, whepsakemic start-ups are more likely to

pursue marketing and funding resources. Furtherntioeeavailability of patents
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decreases the start-ups’ propensity to pursuenasessources and increases their

propensity to pursue commercial, marketing, andlifugnresources.

The propensity of employee entrepreneurs to fasearch ties supports the
conjecture that these firms lack the research @&pez of academically founded firms.
As a result, they seek out research resourcedstebtheir technological resources.
Furthermore, they seek commercialization resouto®sigh their alliance ties.
Conversely, academic start-ups lack commerciabnatesources, so forming alliance
ties is a way to access these resources. Howesatemic start-ups may have less
opportunity to form such ties than employee stad-that can leverage their founders’
pre-entry experience to seek alliance partnergfend). Instead, academic start-ups
form marketing, manufacturing, and funding tiessiim, these results suggest that
employee start-ups are able to navigate the madtegr than academic start-ups due to
their founders’ prior industry experience. In thése, employee start-ups are savvy in

seeking out alliance partners and seem to farertdiin do academic start-ups.

Research Output

Academic start-ups are created to commercialieetanology or innovation
already developed within a university or academstiiution. On the other hand,
founders who want to pursue their ideas outside tuerent employment create

employee start-ups. The subtle difference in teatoon process could have a strong
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influence on the research output of these new vestl use patents to measure research
output, since this captures the technological nessuacross both types of start-ups.
Publications are another form of research outpuatademic start-ups, but not for
employee start-ups. Therefore, | use patents tesuneaesearch output for both academic
and employee start-ups. Research output is measanagl three dependent variables: the
firm has at least one patent, the total numbetémts, and the average citations of these
patents.

The first set of analyses examines the propenéitlye firm to file for at least one
patent and using logistic regression. Academid-sias have extensive research
experience due to their founders’ prior employnedrthe academic institution where the
technology was developed. When these firms ardedethey file for patents to protect
their competitive advantage—the technology develaehe academic institution.
Employee start-ups do not have the flexibility eveélop their technology using their
parent firms’ resources. As a result, they neetbtaluct the research upon creation of
the new venture. These mechanisms are supportdeklygsults displayed in Table 12,
which shows that employee start-ups seem to héaweex propensity to file for patents.
This suggests that academic start-ups are indeeel msearch productive than are

employee start-ups, when patents capture reseevdadgdivity.
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The next question examines the volume and quaflipatents of these two types
of start-ups. All regressions are random effect egdas the key independent variable,
start-up type, is time invariant. Results from bibtb random effects and firm fixed
effects models have coefficients with similar segrd significance. Furthermore, the
Hausman specification test shows that a randoneteffaodel is the better specification.
The volume of patents filed by employee start-gpsoinsiderably lower than by
academic start-ups. The volume of patents is medsas the total number of patents held
by the firm, and the total number of patents grdmteery year, as shown in columns 1
and 2, respectively, of Table 13. Both columns shmat employee start-ups have far
fewer patents compared to academic start-ups. émuntbre, having alliance ties to other
firms increases the number of patents held by teeseups. Columns 3 and 4 show the
results of examining whether employee start-up® agher quality patents. | measure
patent quality using the average citation thesergatreceived across all years and in a
five-year window. According to this measure, théepss of employee start-ups are of

lower quality than those of academic start-ups.

Firm Outcome: Survival, Acquisition, IPO, or Failue
Academic start-ups have additional research expeei but limited industry
experience compared to employee start-ups. Théekhimdustry experience of

academically founded firms could have a detrimeetti@ct on their survival and
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performance, whereas their additional researchresqpeze could endow them with
technological resources crucial to their successssanvival. On the other hand, employee
start-ups can leverage their relevant industry B&pee to navigate the product market
and succeed. Does this industry experience transldietter success and survival for
employee start-ups? | measure the firm outcombexfd start-ups using the multi-value
dummy, firmOutcome, which takes values 0 to 3 her firm’s failure, IPO, acquisition,
and survival, respectively.The base outcome fothéendependent variable the

multinomial logit is firm survival. The results diis regression are shown in Table 14.

Table 14 shows the results of two multinomial $bigi regressions. Columns 1-3
show the results of the first multinomial logit, @rein one of the independent variables is
the average number of resources transferred aeaasstie. The second multinomial logit
results, tabulated in columns 4 and 5, includeussodiversity as one of its independent
variable. The average number of resources traesfecross each tie captures the
strength of each tie, whereas the diversity measgtedes the different types of
resources that a start-up gains access to throetglork ties. The multinomial logistic
regression results for columns 1 and 4 suggestthatoyee start-ups are less likely to
fail than academic start-ups. The coefficientshef émployee start-up dummy for IPO
and acquisition were not significant. The charasties of ties, such as the strength of

ties and diversity of resources, have a strondgecebn firm outcome than does just the
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start-up origin. The average number of resour@ssterred across each tie, and resource
diversity have a negative effect on firm failueQ, or acquisition, as shown in columns
1-6.

| run additional analyses using gross profits,inedbme, and net sales as the
dependent variables (Tables 15 and 16). The rasultable 15 suggest that employee
start-ups are likely to make lower profit (columnahd income (column 3) compared to
academic start-ups. However, these results ditholotwhen | control for firm
heterogeneity using firm fixed effects (Table Jeapancial data is available for start-ups
that were relatively successful and report therfggenance. Thus, | cannot interpret these
findings as definitive evidence. Hence, | concltias firm outcomes are a good
representation of firm performance. Table 17 ampifé 5 show the survival functions of
both types of start-ups going public (i.e., IPQh)isTonly looked at firms’ IPOs and use
Breslow’s approximation for the hazard functioneTesults suggest that employee start-
ups are more likely than academic start-ups touddig@ However, the results can be best
interpreted when all the alternative outcomes arssiclered in competing risk models.
Such estimation needs data like the time of firguagition or bankruptcy, which would
entail further data collection. Hence, only thergvastory analysis of firm IPO is
included in this study for now. Overall, | find tithe founders’ backgrounds have little

or no impact on firm performance.
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Conclusions

This chapter set out to study the differential &cipof start-up founders’
background on the formation of alliance ties, redeautput, and firm performance of
employee and academic start-ups. The academieugtdnds better research resources by
virtue of its founder’s experience in the reseanstitution. On the other hand, the
employee start-up has relevant industry experiegtmying it to deal with a highly
competitive environment. | find that academic stap$ have a higher research output
compared with employee start-ups. This finding sufgpthe proposition that academic
founders endow the start-up with better researsbuiees than employee startups.
Additionally, compared to academic start-ups, erygdostart-ups are more prolific in
forming alliance ties with other firms. This findjlends supports to the inference that
the employee start-ups benefit from their founderdustry experience.

The alliance network composition of these stad-syggests that employee start-
ups leverage their industry experience to forgew#h other firms. However, they lack
the research experience that academic start-ugsdral/thus seek research or
commercial ties with other firms. Academic starsiave research experience but

limited industry experience. This would indicatattthey would seek commercialization
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resources. However, their lack of relevant industtgerience proves detrimental to their
ability to seek commercial ties. Instead, they fonarketing, manufacturing, and funding
ties with other firms. Research experience of tteaamic start-ups has a positive impact
on the volume of patents they generate. Furtherntloese start-ups produce higher
guality patents than do employee start-ups.

The effect of the founders’ backgrounds on firmf@@nance is not as evident,
suggesting that the founders’ pre-entry experieeges their preliminary choices, such
as patents and alliance ties. However, heterogeimeihe founder’s background does not
completely determine a start-up’s success or fillihis result contradicts prior research
that compared employee and academic start-upeddHlat employee start-ups fared
better in industry (Wennberg et al., 2011) duenwrtfounders’ pre-entry experience.

The founders’ backgrounds may not have any impache start-ups’
performance for two reasons. First, prior studidsndt look at both technology and
alliance ties to examine the effect of foundersKgmounds on firm performance. The
founders’ backgrounds may shape initial choicesteel to technology and alliance
network, but their pre-entry experience may havéearing on firm performance.
Examining the paths traversed by these new ventungtead of comparing their
performance, may have driven the results in theipus studies.

Second, the sampling frames of this study différech earlier studies. Prior
studies compared employee and academic start-upg diferent sampling contexts,
such as start-ups in Sweden (Wennberg et al., 20¥1stprt-ups from three southeastern
U.S. universities matched with non-university stggs (Ensley & Hmieleski, 2005).

Instead, in this study | compare start-ups in th@rmaceutical and medical device
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industry from the United States, Europe, and Asiathermore, | sample the employee
and academic start-ups from the Medical Marketptiatabase. These different sampling
frames could create some limitations when direoti;mparing the studies. However, the
non-result is an interesting finding, as it suggéisat the founders’ backgrounds shape
the paths traversed by these start-ups but doeatetrdine firm performance.

These results have implications for both theony mractice. With respect to
theory, this study adds to the understanding of feawaders could leave an imprint on
the alliance network and research output of theseventures. However, differences in
founders’ pre-entry experience do not affect tha foerformance. In practice,
entrepreneurs could learn how to leverage theieegpce to benefit the firms’
knowledge and network. Furthermore, this study areges founders to focus on
imminent strategic decisions pertaining to knowkedgeation and potential alliance
partners. Founders can leverage their experientéfilbtheir resource needs by either
developing or patenting the knowledge within thenfiAlternatively, they can fulfill the
need for these resources by forming alliance Tiesse strategic decisions, rather than
the lack of resources at its founding, seem toshlag firm’s outcome. In conclusion, the
founder’s background does not determine firm pentorce. Instead, it just shapes the

path to success or survival taken by the start-up.
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Figure 1. Spinout Categories based on Technologicahd Market Distance from
their Parent

Market Distance
High Low
=1 Apply different knowledge | Apply different knowledge for|
Technologica T | for a different product a similar product
Distance = | Apply similar knowledge for| Apply similar knowledge for 3
9| a different product similar product

This figure shows the categorization of spinoutseloleon the technological and market distance
relative to their parents. Each quadrant explaows the spinout applies the knowledge it
inherited from the parent in different product neiskrelative to its parent’s product market.
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Figure 2. Partner Types

Indirect
Ties

Thisfigure shows the three types of partner firms basetheir network relationships with t
parent firm. Firms denoted as “D”ve direct ties to and are partners of the parent. $with
indirect ties to the parent or are partnera parent’s partnare represented as.” Finally, firms
listed as “N” are firms witmo ties—neither direct nor indirecte-the parent firm
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Figure 3. Spinout Ego Network (2012)

— Spinout—Parent & Spinout

—— Spinout-MNonParent o n}-ﬂ o @ Parent
) SS %% 23 i ® Non—Paen

This graph shows the spinout ego network. The spenare refesented by red cs. A black link
represents apinoutparentrelationship: the employees of the parent firm rélae spinout. #
red link representrmal network ties between a spinout and a nompdiren. The spinot-
parent tie shows that tifiem spun out from the respective parent fismhereas spinout-
nonparent tie represents an actual alliance eskaaibetween the two firms. Less than 3¢
spinouts form ties with their parents. Hence, thesswere notplotted on this network me
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Table 1. Variables Definitions

Variable
Dependent Variables
Parent alliance network
Partner type

Resource type

Independent Variables (by Spinout Type)

Low Market and Low Tech Distance

High Market and High Tech Distance

High Market and Low Tech Distance

Low Market and Low Tech Distance

Control Variables

Total ties

Location

Spinout age
Spinout size

Patent

Definition

Firms that have direchdiriect ties to the parent firm

Firms with direct ties to the parerare the parent’s
partners, or firms with indirect ties to the pargmbugh
a tie to a parent’s partner

Resource transferred across a tie,asuresearch,
commercial, manufacturing, or marketing.

Spinouts with leehnological and market distances
from their parents

Spinouts withhhiechnological and market distances
from their parents

Spinouts withhhigchnological and low market
distance from their parents

Spinouts with l@ehnological and low market
distance from their parent

Number of ties formed by spinout, parent, and artn
firms as of 2012

Address of the parent, partner, and spinout; used t
create dummies for the countries

Number of years since its founding date
Number of employees within a firm

Number of patents or patent dummy for spinout, pare
and partner s

This table describes key variables used in theystud
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Table 2. Descriptive Statistics and Correlation Matix

Variables Mean SD Min  Max 1 2 3 4 5 6 7 8
1. Spinout:
Mo g Thow 0.571 0.495 0 1 1
2. Spinout:
MHigh g T High 0.058 0233 0 1 -0.29 1
3. Spinout:
MW g T High 0.246 0.431 0 1 -0.66 -0.14 1
4. Spinout:
MmHigh g TLow 0.117 0.322 0 1 -0.42 -0.09 -0.21 1
5. Firm Age 22.028 7.513 4 109 0.14 -0.09 0.01 -0.16 1
6. #Employees 406.842 1421.955 2 13000 0.06 -0.03 -0.01 -0.05 0.18 1
7. # Patents 48.417 88.437 0 500 -0.09 0.08 0.11 -0.05 -0.02 0.21 1
8. Spinout
Betweenness
Centrality 13937.57430928.149 0 2.78E+05 0.07 0.08 -0.11 -0.02 0 0.27 0.33 1

This table lists the mean, standard deviation,raimdmum and maximum values, along with
correlations for all variables, in columns 1-8. @unhs 1-8 are variables listed in the first column
titled “Variables,” These statistics are calculat@d235 spinouts from 1986 to 2012.
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Table 3. ERGM Estimation of Formation of AlliancesTies by Spinouts

Variable Estimate
Spinout: MY & T 0.634" (0.483)
Spinout; M°" & T -0.143" (0.175)
Spinout; M"9" g T 0.362" (0.413)
Parent Direct Partner -0.562 (1.096)
Parent Indirect Partner -0.980(1.641)
Nonparent Network -4.446 (1.641)
Spinout: M & T™" *Parent Direct Partner -0.132 (0.360)
Spinout: M & T*" *Parent Indirect Partner 0.169 (0.201)
Spinout: M & T*" *Nonparent Network 0.690 (0.309)
Spinout: M & T"9" *Parent Direct Partner 1.005 (0.219)
Spinout: M & T"" *parent Indirect Partner -0.547 (0.311)
Spinout: M & T"" *Nonparent Network 0.0791 (0.506)
Spinout: M"" & TH9" *parent Direct Partner 0.413 (0.413)
Spinout: M"" & TH9" *parent Indirect Partner 0.777 (0.370)
Spinout: M"9" & T *Nonparent Network -0.348 (0.175)
Degree Centrality 0.0033" (0.002)
Country US 0.197" (0.127)

This table tabulates the results of the ERGM estonawith 100,000 iterations for 1,182 firms
(N=1182). These firms include spinouts, paremd, j@artners. The ERGM estimation accounts
for network and characteristics of all the firmsiletpredicting the formation of alliance ties. The
M and T in the spinout categories represent proohacket and technological distance. The
excluded category has spinouts with high markeadee and low technological distance.

Notes Standard errors in parentheses
'p<0.05

“p<0.01

"p<0.001
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Table 4. Resource Transfer across Ties—Firms with idect or Indirect Parent Ties

1) (2 (3
Research Commercial Marketing & Funding
-0.613 14.017" -1.676"
Spinout: M & T
(0.489) (0.518) (0.400)
: . -1.254 15.813" 0.431
Spinout; M'9" g T
(0.661) (0.498) (0.377)
. -16.215" 15.098" 0.404
Spinout: M°" & T
(0.362) (0.476) (0.358)
. 0.009 0.062™ 0.068"
Spinout Age
(0.031) (0.012) (0.011)
-0.000 0.000 0.000
#Employees
(0.000) (0.000) (0.000)
-1.070 -0.598 -1.394™
Country: USA
(0.576) (0.399) (0.263)
15.181" -2.687" -1.903"
Parent Patent Dummy
(0.554) (0.168) (0.185)
-0.713 3.391" 2.824"
Partner Patent Dummy
(0.375) (0.373) (0.264)
-18.289" -20.921" -4.946"
Constant
(0.536) (0.580) (0.494)
Observations 7,585 7,585 7,585
Il -1651.450 -1651.450 -1651.450
df m 22.000 22.000 22.000
aic 3352.900 3352.900 3352.900
bic 3526.248 3526.248 3526.248

The dependent variable is a dummy variable thagtale value of 1 for a research tie, 2 for a
commercial tie, 3 for a manufacturing, marketingfumding tie, and 0 otherwise. Columns (1),
(2), and (3) tabulate the results of multinomiajistic regression for the propensity to form ties
to access research, commercial, or marketing amdirfg resources. Marketing and funding
represents manufacturing, marketing, and fundisgueces. The M and T in the spinout category
represent product market and technological distanespectively. This estimation is for a sample
of partners with direct or indirect ties to thearpnts.

Notes Standard errors in parentheses
'p<0.05

“p<0.01

"p<0.001
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Table 5. Resources Transfer across Ties to Firms thiNo Parent Ties

(1) (2) (3)

Research Commercial Marketing & Funding
0.555 0.259 0.793"”
Spinout: M & TV
(0.191) (0.124) (0.193)
. . 1.218" 0.252 0.047
Spinout: M"" & T"e"
(0.230) (0.192) (0.335)
: 0.738" 0.941" 1.221"
Spinout: M°" & T"9"
(0.198) (0.122) (0.200)
. -0.018" -0.015” 0.004
Spinout Age
(0.005) (0.003) (0.003)
0.000™ 0.000™ 0.000™
#Employees
(0.000) (0.000) (0.000)
0.216 0.965" -0.137
Country: US
(0.141) (0.134) (0.114)
-0.309™ -0.419” 0.019
Parent Patent Dummy
(0.091) (0.061) (0.088)
2.096" 3.374” 2.5707
Partner Patent Dummy
(0.094) (0.085) (0.094)
-8.336" -9.035" -9.058"
Constant
(0.217) (0.188) (0.203)
Observations 724,635 724,635 724,635
I -1.35e+04 -1.35e+04 -1.35e+04
df m 24.000 24.000 24.000
aic 27023.059 27023.059 27023.059
bic 27333.382 27333.382 27333.382

The dependent variable is a dummy variable thasake value of 1 for research ties; 2
for commercial ties; 3 for manufacturing, marketingfunding ties; and 0 otherwise.
Columns (1), (2), and (3) tabulate the results oftmomial logistic regression for the
propensity to form ties to access research, comaigeor marketing and funding
resources. The marketing and funding representsifaetaring, marketing, and funding
resources. The M and T in the spinout categorigesent product market and
technological distance, respectively. This estiorats for a sample of partners with no
parent ties.

Notes Standard errors in parentheses
‘p<0.05

“p<0.01

"p<0.001
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Table 6. Spinout Partner Choice among Firms with Diect, Indirect, or No Ties to
the Parent (Multinomial Logit), Excluding M "9" & To%

1) (2 (3)
Direct Indirect Nonparent
-0.118 0.103 0.456
Spinout: M & TV
(0.113) (0.093) (0.224)
: : 0.183 0.960" 0.728
Spinout: M"" & T"e"
(0.166) (0.151) (0.388)
. 0.676 0.855" 0.943
Spinout: M°" & T
(0.263) (0.156) (0.404)
. 0.004 -0.005 -0.007
Spinout Age
(0.004) (0.005) (0.005)
0.000 0.000 0.000™
#Employees
(0.000) (0.000) (0.000)
-0.049 -0.032 0.433
Country: US
(0.280) (0.097) (0.252)
, 0.000™ 0.000™ 0.000™
Parent Betweenness Centrality
(0.000) (0.000) (0.000)
_ 0.000” 0.000” 0.000”
Partner Betweenness Centrality
(0.000) (0.000) (0.000)
-6.298" -5.529™ -6.948™
Constant
(0.266) (0.156) (0.346)
Observations 732,220 732,220 732,220
I -5.73e+04 -5.73e+04 -5.73e+04
df m 24.000 24.000 24.000
aic 1.15e+05 1.15e+05 1.15e+05
bic 1.15e+05 1.15e+05 1.15e+05

The dependent variable is a dummy variable thagtae value of 1 for firms with direct ties to
the parent firm, 2 for firms with indirect ties parents, 3 for firms outside the parent network,
and 0 otherwise. Columns (1), (2), and (3) tabulageresults of multinomial logistic regression
for the propensity to form ties to firms with diteindirect, and no ties to their parent firms. The
M and T in the spinout categories represent proohacket and technological distance,
respectively. The excluded spinout category isdithat have low technological and high market

distance from their parents.

Notes Standard errors in parentheses

'p<0.05
“p<0.01
"p<0.001
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Table 7. Spinout Partner Choice among Firms with Diect, Indirect, or No Ties to
the Parent (Multinomial Logit), Excluding M =" & T "

1) 2) (3)
Direct Indirect Nonparent
: . 0.255 0.8717 0.262
Spinout; M'" g T
(0.177) (0.130) (0.225)
. 0.755 0.739" 0.471
Spinout: M°" & T"9"
(0.279) (0.133) (0.337)
: -0.083 -0.166 -0.556"
Spinout: M"" & T
(0.163) (0.092) (0.215)
. 0.003 -0.004 -0.008
Spinout Age
(0.004) (0.005) (0.005)
0.000 0.000 0.000”
#Employees
(0.000) (0.000) (0.000)
-0.051 -0.036 0.432
Country: US
(0.283) (0.098) (0.253)
: 0.000” 0.000™ 0.000”
Parent Betweenness Centrality
(0.000) (0.000) (0.000)
_ 0.000” 0.000” 0.000”
Partner Betweenness Centrality
(0.000) (0.000) (0.000)
-6.352" -5.417" -6.457"
Constant
(0.320) (0.153) (0.243)
Observations 732,220 732,220 732,220
I -5.73e+04 -5.73e+04 -5.73e+04
df_m 24.000 24.000 24.000
aic 1.15e+05 1.15e+05 1.15e+05
bic 1.15e+05 1.15e+05 1.15e+05

The dependent variable is a dummy variable thasake value of 1 for firms with direct ties to
the parent firm, 2 for firms with indirect ties tiwe parent, 3 for firms outside the parent network,
and 0 otherwise. Columns (1), (2), and (3) tabulageresults of multinomial logistic regression
for the propensity to form ties to firms with diteindirect, and no ties to their parent firms. The
M and T in the spinout categories represent proohacket and technological distance,
respectively. The excluded spinout category isdithat have low market and low technological
distance from their parents.

Notes Standard errors in parentheses
'p<0.05

“p<0.01

"p<0.001
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Table 8. List of Variables, Their Definitions, andWhat They Measure

Variable Definition Measures

Dependent Variables

Has alliance ties Dummy, captures if the firm has at least one  Propensity to form alliance ties
(Dummy variables) alliance

#Ties Total number of ties forged by the start-up ize®f their alliance
Resource diversity  Herfindahl index type measuaptures types of Heterogeneity among resources
resources transferred across all ties access through alliance network
Partner diversity Herfindahl index type measur@taes types of Heterogeneity among alliance
alliance partners partners
#Research ties Number of ties used to access chsemources  Propensity to seek research
resources

#Commercial ties Number of ties used to access @ncialization Propensity to seek

resources commercialization resources
#Market &funding Number of ties used to access marketing, Propensity to seek marketing,
ties manufacturing, and funding resources manufacturing, and funding
resources
Has patent Dummy, captures if the firm has a patent Propensity to patent

#Patents every year Number of patents grantecetéirth every year  Research output every year

#Patents Total number of patents Overall reseangbud

Avg #Citations Average number of patent citatipall years Quality of patents in the start-up
Avg #Citations Average number of patent citations in 5 years Quali patents in the start-up
(5-year)

Gross profit, Net Profit, net sales, and net income made by the Firm performance measured using
sales, Netincome start-up - data is available only for a sub-samplefinancial data

. If the firm survives, fails, is acquired, or go&J Firm performance measured by
Firm outcome

outcome
Independent Variable
Start-up type Dummy, captures if firm is an acadeoni Heterogeneity of founders’
employee start-up background
Control Variables
Firm age Number of years since the firm’s founding Years of experience
Firm location Dummy, captures if firm is locatedAsia Location could shape opportunities
(includes Australia), North America, or Europe
Firm size Number of employees Larger start-ups heaxe more
resources
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Figure 4. Comparison of Alliance Ties Formed by Acdemic and Employee Start-
ups

Startups and Alliance Ties Formed Over the Years
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This graph shows the difference between the tiegefbby academic start-ups and those forged by
employee start-ups. The blue line represents thebeu of start-ups created every year and stop8G8 2
because the Medical Marketplace database contdatadonly to 2003.
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Table 9. Start-up Propensity to Form Alliance (Logf)

Variable Has Alliance Ties
0.339
Employee start-up (0.111)
0.00131"
#Patents (0.000263)
) -0.000398
Firm Age (0.00474)
-0.0000495"
#Employees (0.0000144)
1.669™
USA (0.365)
Year controls Y”
-3.458
Constant (1.171)
Observations 3,105

This is a logistic regression where the dependariable is a dummy that takes the value 1 if thetstp
has at least one alliance tie to other firms, &edvlue O otherwise.

Notes Standard errors in parentheses
‘p<.05

“p<.01

“p<.001
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Table 10. Start-up Alliance Network Characteristics(Random Effects)

Employee start-up

Firm age

#Patents every
year

#Employees

USA
Year controls
Constant

Observations

(1)
# Ties

0.0782
(0.0314)

-0.000403
(0.00119)

0.00135"
(0.000233)

-0.000000289
(0.00000188)

-0.00150
(0.0227)

Y

2.782"
(0.226)

3,105

(2)

Average #
Resources per Tie

0.0587"
(0.00152)

-0.0000816
(0.0000579)

0.0000348
(0.0000114)

-2.47e-08
(9.14e-08)

-0.0000583
(0.00110)

Y

0.102™
(0.00718)

3,105

(3)
Resource
Diversity

-0.169"
(0.00499)

-0.0000164
(0.000190)

-0.000123
(0.0000379)

6.07€-08
(0.000000304)

0.000772
(0.00368)

Y

0.210”
(0.0122)

3,105

(4)
Partner
Diversity
-0.0390"
(0.000602)

-0.0000442
(0.0000229)

0.00000271
(0.00000449)

-8.20e-09
(3.61e-08)

-0.0000240
(0.000436)

Y

0.0387"
(0.00286)

3,105

All regressions of random effects, where the depahdariables from column 1-4 are number of ties,
average number of resources transferred acrosdieacisource diversity, and partner diversity

Notes Standard errors in parentheses

‘p<.05
“p<.01
“b<.001
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Table 11. Resources Transferred through Alliance Es (Random Effects)

Employee start-up

Firm age

#Patents every year

#Employees

USA
Year controls

Constant

Observations

1)

#Research Ties

1.289"
(0.0236)

-0.00118
(0.000895)

-0.00118"
(0.000176)

-6.07e-08
(0.00000141)

0.000988
(0.0170)
Y

0.764™
(0.138)

3,105

(2)

#Commercial Ties

0.474"
(0.0465)

-0.000446
(0.00177)

0.00229"
(0.000353)

-0.000000517
(0.00000283)

-0.000247
(0.0342)
Y

0.697"
(0.117)

3,105

3)
#Marketing &
Funding Ties

-0.949"
(0.0157)

-0.000411
(0.000598)

0.000683"
(0.000118)

-0.000000121
(0.000000946)

-0.000455
(0.0114)

Y

1.039"
(0.0686)

3,105

All regressions of random effects, where the depahdariables from column 1-3 are number of redearc
commercial, and marketing/funding ties

Notes Standard errors in parentheses

‘p<.05
“p<.01
"p<.001
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Table 12. Propensity of Start-ups to Patent (Logit)

Employee start-up

Firm age

#Employees

#Ties

USA
Year controls

Constant

Observations

(2)
-1.201"
(0.118)

-0.0126"
(0.00472)

0.0000468"
(0.00000885)

0.0467"
(0.00820)

0.468
(0.277)

Y

-1.028
(1.218)

3,105

This is a logistic regression where the dependariable is a dummy that takes the value 1 if thetstp

has at least one patent and the value 0, otherwise.

Notes Standard errors in parentheses
‘p<.05

“p<.01

“p<.001
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Table 13. Volume and Quality of Patents within Starups (Random Effects)

Employee start-up

Firm age

#Employees

#Ties

USA
Year control

Constant

Observations

(1)
#Patents

-94.60"
(4.377)

0.229
(0.224)

0.0000377
(0.000356)

29.46"
(1.796)

-0.853
(4.302)

\'4
40.60

(16.69)

3,105

(2)

#Patents Every

Year
-4.225"
(0.658)

0.0651
(0.0290)

0.000208
(0.0000677)

0.317"
(0.0656)

0.0275
(1.278)
v
3.841
(1.499)

3,105

3)
Avg Citations
-8.036"
(0.770)

0.0213
(0.0380)

-0.000119
(0.0000674)

0.338
(0.159)

0.258
(0.842)

v
6.737"
(1.275)

3,105

(4)

Avg Citations
(5-yn)
-8.335"
(1.654)

0.0281
(0.0734)

-0.0000155
(0.000171)

0.460"
(0.169)

4381
(3.117)

*

Y

10.82
(3.638)

3,105

Tabulation of all random effects regression; thpeselent variables are total number of patents, eumb
patents every year, average citations per patedtagerage citation in a 5-year window for thetstiar

Notes Standard errors in parentheses

‘p<.05
“p<.01
“b<.001
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Table 14. Firm Outcomes of Employee and Academic &t-ups (MLogit)

(1)
Firm outcome Failure
-1.174
Employee start-up (0.494)
. -0.12%"
Firm age (0.0405)
14.35
USA (1092.2)
-0.103
#Patents (0.0428)
. 0.209™
#Ties (0.0483)
Average # -2.844
resources per tie (1.918)
Resource diversity
-14.82
Constant (1092.2)
Observations 3,105

2
IPO
-0.151
(0.141)

0.0287"
(0.00841)

0.829"
(0.316)

0.00383"
(0.000967)

0.0436
(0.0172)

-2.546"
(0.477)

1.132"
(0.330)

3,105

@)

Acquisition

0.610
(0.359)

-0.0896"
(0.0236)

14.37
(764.4)

0.00586"
(0.00101)

0.0140
(0.0420)

-4.381"
(1.256)

-15.33
(764.4)

3,105

(4)

Failure
-1.147
(0.482)

-0.120"
(0.0403)

16.35
(2796.5)

-0.0993
(0.0415)

0.130
(0.0419)

-4.408"
(1.663)

-16.33
(2796.5)

3,105

®) (6)
IPO cqisition
-0.167 0.484
(0.141) (0.355)
0.0301" -0.0895"
(0.00870) (0.0237)
0.765 16.05
(0.334) (1894.3)
0.00318" 0.00530"
(0.000914)  (0.000963)
-0.0253 -0.0958"
(0.0146) (0.0365)
-2.660" -2.489"
(0.237) (0.699)
1.533" -16.75
(0.355) (1894.3)
3,105 3,105

All regressions of multinomial logistic regressipmndere the dependent variable is a dummy thastake
values from 0-3 for firm failure, IPO, acquisiticemd survival; the base outcome for the two muitirad
logit is firm survival. Columns 1-3 and 4-6 haveeeage number of resources transferred across ieach t
and resource diversity as their independent vagliespectively. The results in columns 1-3 agegat of
multinomial logistic regression, where one of thedpendent variables is average number of resources
transferred across each tie. The results in colutrdisire the other set of multinomial logistic reggion,
where the independent variable is resource diyersit

Notes Standard errors in parentheses

‘p<.05
“p<.01
“b<.001
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Table 15. OLS Regression of Start-up Performance

Employee start-up

Firm age

#Patents every year

#Ties

Resource diversity

USA
Year controls

Constant
Observations

R2

1)

Gross Profit (Loss)

-141.8
(63.87)

-21.87
(8.887)

4.608
(1.964)

-17.93
(8.689)

-679.2"
(169.4)

261.1"
(85.99)

\4
114.8
(92.32)

2,430

0.0216

)

Sales/Turnover (Net)

-123.0
(75.49)

-21.15
(10.51)

7.306
(3.240)

-19.67
(10.23)

-823.7"
(198.1)

319.8
(101.0)

v
94.72
(111.5)

2,430

0.0218

®3)

Net Ineqiinoss)

-37.84
(16.71)

-5.415
(2.263)

1.052
(0.386)

-4.187
(2.439)

-145.3"
(43.01)

53.78
(21.54)

*

Y

24.94
(24.82)

2,430

0.0178

The above regressions are OLS estimation of firmsgprofits, net sales, and net income.

Notes Standard errors in parentheses

‘p<.05
“p<.01
“b<.001
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Table 16. Firm Fixed Effects Regression of Start-uperformance

Employee start-up

Firm age

#Patents every year

#Ties

Resource diversity

USA

Year controls

Constant

Observations
R2

The above regressions are firm fixed effects estima of firm gross profits, net sales, and nebimne.

(1)

Gross Profit (Loss)

-134.7
(491.2)

-0.949
(12.50)

-0.682
(2.301)

63.90
(385.9)

568.9
(2410.7)

60.72
(200.5)

Y

-249.5
(2383.2)

2,430
0.0475

Notes Standard errors in parentheses

‘p<.05
***p < .01
p<.001

(2) 3)
Sales/Turnover (Net) Net Inedfross)
-166.9 -32.17
(535.2) (194.9)
-1.506 -0.00868
(13.62) (4.959)
-0.782 -0.169
(2.507) (0.913)
84.49 6.496
(420.5) (153.1)
651.4 42.42
(2626.6) (956.3)
68.99 11.28
(218.5) (79.54)
Y Y
-326.9 -11.53
(2596.7) (945.4)
2,430 2,430
0.0657 0.0232
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Figure 5. Survival Function for Start-ups Going Public

Kaplan-Meier survival estimates for IPO
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These survival functions show the KM survival estiencurves for employee and academic start-ups for
the IPO event of firm.

95



Table 17. Cox Model Estimating IPO Event

1)
_t
1.1437
Employee start-up (0.1712)
-0.0000881
#Employees (0.0000972)
1.035
USA (0.714)
0.000269
#Patents (0.000237)
. -0.00438
#Ties (0.0174)
_ . -0.726
Resource diversity (0.407)
Observations 799

This is a Cox model estimating the event of an (R{g Breslow’'s approximation. The Wilcoxon teat fo
equality of survival curves suggests that the Brg'sl approximation is a better specification.

Notes Standard errors in parentheses
‘p<.05

“p<.01

“p<.001
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