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RESEARCH PARTNERS

Abstract: The most important determinants of the probability that two firms will engage
in a research partnership are the relationship between them, including resource and
market interdependencies and network interactions, and the characteristics of each firm.
Firms are more likely to collaborate the closer they are in terms of both technological and
market profiles, the higher the expected knowledge spillovers among them, the more
familiar they are with each other through past interaction, and the more centrally located
they are in knowledge networks. The nonlinear effect of technological overlap on the
chances to collaborate suggests a balance between cost considerations and learning
opportunities.
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INTRODUCTION

A striking feature of industrial innovation today is that only a small minority of
firms innovate alone. Innovations typically involve constellations of organizations
(Gomes-Casseres, 1996). Adapting to an environment of high risks, global competition,
increasing cost and complexity of technological advancement, and rapid generation and
diffusion of technical knowledge and know-how, large numbers of firms have opted for
cooperative relationships (Hagedoorn et al, 2000). In this context, a network serves as a
locus for innovation because, for any network member, it provides timely access to
external knowledge and resources that are otherwise unavailable, while also testing
internal expertise and learning abilities (Gulati, 1998, 1999; Powell and Grodal, 2005).

Innovation networks involve a wide range of formal collaborative activities,
including joint ventures, research corporations, joint research and development (R&D),
technology exchange agreements, direct investment, customer-supplier relations, R&D
contracts, one-directional technology flow agreements (e.g., licensing, second-sourcing),
manufacturing agreements, and so forth. They also involve informal collaboration and
knowledge exchanges across individuals in different organizations and systemic learning
through patents, blueprints, etc.

This paper deals with one kind of innovation network, formed around research
partnerships defined broadly as innovation-based, formal inter-organizational
relationships that involve, at least partly, a significant effort in R&D. The paper
empirically investigates the factors playing an important role in determining the specific
pairs of industrial partners in such partnerships. It reports the results of an extensive

empirical examination of the factors that weigh in the selection of partners based on a



large panel data set of cooperative R&D agreements registered with the US Department
of Justice (DoJ) during the period 1985-1999 under the auspices of the National
Cooperative Research Act of 1984 and its extension, the National Cooperative Production
and Research Act of 1993. The study contributes to the extant literature in several ways:
(a) it adds to empirical evidence on a core topic in inter-organizational collaboration
while explicitly taking into consideration modern concepts of network embeddedness; (b)
it covers a wide spectrum of industries including both manufacturing sectors and service
sectors; and (c) it involves firm-level analysis using a large, unique dataset that extends
for a decade and a half.

We find that the likelihood of two firms collaborating in R&D strongly depends
on three sets of factors: (a) the resource and market interdependencies between the firms;
(b) prior network interaction between them and their network positioning; and (c) the
characteristics of each. Firms are more likely to collaborate the closer they are in terms of
technological and market profiles, the higher the expected knowledge spillovers among
them, the more familiar they are with each other through past interaction, and the more
centrally located they are in knowledge networks. Prior networking experience, product
complexity, and involvement in general purpose technologies further raise R&D partner
attraction.

Directly or indirectly, all these factors determine the anticipated cost of
collaboration, including transaction costs (the costs of negotiating, monitoring, and
enforcing contracts) as well as the costs related to accessing complementary resources

and learning. That is to say, the propensity of firms to collaborate in research depends on



the economics of the whole “package” associated with such partnering. Managers must
utilize a holistic approach in their cost-benefit appraisal of prospective research partners.
The rest of the article is structured as follows. Section two lays out the theoretical
underpinnings of the analysis and the research hypotheses. Section three describes the
data, variables, analytical methodology, and the empirical results. Finally, section four
discusses the results and indicates the contributions of the paper, its limitations, and

opportunities for further research.

THEORY AND HYPOTHESES

Figure 1 illustrates the life-cycle phases of an inter-firm research partnership —
formation, operation, dissolution — and four core areas of analytical interest — partnership
strategy, partner behavior and interaction, partnership stability and performance, and
partnership termination. The evolution of an partnership is influenced by a long list of
factors, both external and internal to the partners, including industry structure and market
environment, technology attributes, partnership structure, partner characteristics, partner
selection and inter-organizational differences, and ownership and control.

[FIGURE 1 ABOUT HERE]

In this paper we are primarily interested with the first phase of the partnership
life-cycle: formation. Since the links and feed-back loops with the second phase
(operation) are rather strong, however, the factors we must deal with include all those

relating to partnership strategy and partner behavior. These factors also help form



expectations for partnership performance. Such a holistic approach leads to better
appraisals of partnerships which recognize the overlapping nature of various strategies.

Key questions in research partnering include (a) why firms enter into such
partnerships, (b) what type of organizational structure do they use for the partnership, and
(c) how do they choose their partner(s). To this effect, an extensive and diverse literature
on strategic partnerships has emerged the past couple of decades ranging from the
traditional microeconomic and game theoretical approaches, to transaction costs and
incomplete contracts, and to strategic management perspectives emphasizing the need to
shape the competitive environment of a firm, make better use of the firm’s resources and
capabilities, promote technological and organizational learning, build networks, mitigate
uncertainty, and create new technology options." Regarding the first question, the
strategic motives of a firm to form a research partnership can be categorized into six
fields:
* positioning — position within a strategic network, product space or value chain;
* efficiency — minimize transaction costs, achieve economies of scale and scope;
* strategic motives — entry deterrence, strategic commitment, rival interaction;
* organizational capabilities — accumulation of resources and capabilities;
* resource complementarity — pool activities, skills, resources; exploit specific assets;
* strategic flexibility — create and optimally exploit strategic options.

The second question has also been dealt with extensively with the debate
revolving around the relative advantages of equity vs non-equity partnerships that Kogut
(1988) eloquently synthesized in relation to collaborative efficiency, information sharing,

and learning.” The discussion has stressed the issues of trust and control in partnerships,



and more recently the enhanced ability of firms to lessen the possibility of mishaps by
exploiting their network positioning and the positioning of their partners in terms of
acquiring information and exercising partnership control indirectly and without relying
on direct ownership (equity).

As for the third question, theory has been unequivocal for a long time that a firm
should try to partner with another which has complementary strengths, abilities, and
resources (Richardson, 1972; Teece, 1992). Combining complementary strengths raises
the opportunities for learning and the chances of success in meeting partners’ objectives.
Complementarity, however, presupposes some degree of difference between the partners;
and difference (distance) is expected to raise the cost of collaboration (Gomes-Casseres,
1993). The right balance between partner ‘distance’, complementarity, and collaboration
cost should, then, be achieved. Yet, with the exception of significant case study work,
formal empirical analysis of the factors influencing partner choice is scant. Mowery et al.
(1998) have provided support for the proposition that a certain degree of similarity
among partners will be observed. Using a broader set of variables to determine ‘distance’
in terms of technologies, markets, and network positioning, Kim and Vonortas
(forthcoming) have reached similar conclusions for technology licensing agreements.

The present paper adds to this stream of analysis. Our primary concentration is on
the factors that weigh in when firms choose their partners for collaborative R&D. In
particular, we are interested in the effects on partner choice of (a) the networks in which
firms are embedded, (b) the expected benefits from the partnership especially in terms of
R&D spillovers and learning opportunities, and (c) the relationship between the partners

and the anticipated transaction costs of the collaborative activity.



We use three hypotheses.

H1. Firms are more likely to collaborate in R&D:
(a) the closer their technological profiles;
(b) the closer their industry specialization profiles; and

(c) the higher the prospective R&D spillovers they can benefit from.

Hypothesis H1 implies the virtues of ‘localized” R&D cooperation: birds of a
feather stick together (Gomes-Casseres, 1993). Similarities in technological capabilities
and market specialization can be associated with lower costs for cooperation. The
attraction is intensified by higher expected rates of learning in the partnership due to
higher knowledge spillover rates.

On the other hand, the effect of similarities on the probability of two firms to
collaborate may be nonlinear (Mowery et al., 1998). Although some degree of
technological and market overlap may be necessary to support a successful partnership,
too extensive overlap would probably yield diminishing returns: learning opportunities

diminish while the chances for losing valuable information to close competitors rise.

H2. Firms are more likely to collaborate in R&D:
(a) the more familiar they are with each other through prior agreements;
(b) the more central positions they occupy in the knowledge network; and

(c) the more central positions they occupy in the partnership network.



One of the most important aspects of an organization’s environment is its social
network of external contacts. The kind of the networks the firm is embedded in and its
position in these networks affect the firm’s behavior and performance. In a way
reminiscent to the resource-based view of the firm — which has emphasized the potential
for enduring benefits to an organization from a collection of resources that is inimitable
and not readily substitutable (Peteraf, 1993) — network scholars argue that a firm’s
network relationships can be perceived to create inimitable and non-substitutable value in
itself and to allow access to inimitable resources and capabilities of others (Gulati, 1998,
1999; Gulati et al., 2000).

In other words, networks bestow the firm with “network resources”, the
equivalent term to “social capital” in an organizational setting. The firm’s stock of
relational or social capital — network resources emanating from prior relationships with
other organizations — is argued to qualify as a resource together with its stocks of
technical capital — capabilities to create new technologies, products, processes — and
commercial capital — complementary assets required to commercialize new technologies
and obtain rents (Kale et al., 2000). Each of these asset stocks adds value, is accumulated
over time, and, most importantly, is difficult to trade across markets. As such, each of
these asset stocks becomes a potent lasting source of competitive strength.

Hypothesis H2 introduces network effects. Partnership networks, which are
formed through firms’ participation in research joint ventures," affect the costs of
collaboration by establishing trust and by allowing better control through efficient
information sharing and reputation. The hypothesis also introduces efficiency

considerations relating to the learning process in knowledge networks which, for the



purposes of this paper, are ‘virtual networks’ formed through patent citations. Familiarity
through prior interaction among two firms builds trust and understanding of each other
which naturally lowers the transaction costs of the next collaborative activity between
them. The more central positions the firms occupy in the partnership network the higher
the level of mutual assurance that neither will shirk from the obligations of the
agreement. Centrality in the knowledge network would imply higher opportunities for

learning from partners, especially if combined with higher knowledge spillovers.

H3. Firms are more likely to collaborate in R&D:
(a) the higher their prior independent experience with research partnering;
(b) the more complex their main technological fields; and

(c) the stronger the intellectual property protection in their business.

Hypothesis H3 introduces the more general context in which research partnerships
are initiated and operate. On the one side is the general strategy of the firm. More
experienced firms with partnerships will have already developed capabilities with
handling the more typical complications one expects in partnerships such as negotiating a
well structured and yet flexible agreement with appropriate adaptation mechanisms to
changing external conditions, dispute resolution among partners, and eventual
dissolution. On the other side are the overall characteristics of the industry. More
complex products can be argued to induce networking as fewer firms are capable to deal
in-house with all different technologies, other resources, and general capabilities

involved. Complex product industries, however, may be characterized by lower overall



levels of intellectual property protection that, while increasing the level of knowledge
spillovers, provides less assurance for protecting the background and foreground

knowledge of partners.

METHOD

Data

The core data for this analysis is drawn from the Innovation Network Databank
(INNET), maintained by the Center for International Science and Technology Policy at
the George Washington University. INNET features longitudinal information on strategic
partnerships, US patents, and business performance for thousands of firms since 1985.
For this paper we have used a dataset on research partnerships. The basic information on
research partnerships has been drawn from the NCRA-RJV database of INNET which
records all research joint ventures (RJVs) registered with the US Department of Justice
under the auspices of the National Cooperative Research Act of 1984 and its extension,
the National Cooperative Production and Research Act of 1993. The NCRA-RJV
database provides information on the partnership including title, announcement date,
technology classification, the number and names of participants, and information on the
identified participants such as SIC codes, name, nation, parent firms, etc.

RJVs are temporary organisations jointly controlled by at least two participants
whose primary purpose is to engage in cooperative R&D. Equity investment may or may
not be an issue (usually it is not). Most of the examined RJVs are essentially contract-
based agreements between independent entities. While members may include firms,

universities and other research institutes, all these RJVs involve, by definition, at least



two participants from the private sector. Both horizontal RJVs (between competitors) and
non-horizontal RJVs — wvertical (upstream-downstream) and conglomerate (other
combinations not vertically related) — were included in the dataset.

We started with fifteen years of data of registered RJVs (1985-1999). New RJV
registrations varied during this time period, from a low of 17 in 1986 to a high of 115 in
1995. They add up to a total of 796 newly registered ventures in industrial areas such as
telecommunications, transportation equipment, advanced materials, energy and
environment, software, electronic equipment, chemicals, manufacturing equipment, etc.

Industry partners in these RJVs are identified by cross checking with
commercially available business databases, mainly CompuStat (publicly-traded firms in
the United States) and CorpTech (high-tech firms based in the United States). As is
typical with all kinds of networks, the intensity of activity of individual organizations in
these ventures is diverse: the majority of the entities have participated only once but a
good number have participated repeatedly.

This dataset was subsequently ‘merged’ with the NBER U.S. Patent database
(Hall et al., 2001) which allocates all US patents granted between 1963 and 1999 to
inventor organizations and individuals. This merging identified 2,435 entities that have
participated in at least one RJV and have obtained at least one patent during this time
period. We then chose the firms that had declared at least one SIC code and for which we
had longitudinal business performance indicators available from CompuStat. The process
left us with 359 firms for the period 1989-1999. They cover a mixture of manufacturing
and service sectors (Table 1). These 359 firms — publicly traded in the United States,

participating in at least one RJV, and registering at least one patent, registering at least
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one SIC code to describe their commercial activities, and reporting R&D and sales
information consistently during the investigated time period — make up our final sample
of RJV participants.”

[TABLE 1 ABOUT HERE]

This data sample was then used to construct a panel in which the unit of
observation is the unique firm 7 — firm j dyad (pair). For each year, the dyad data is
constructed as follows: fI~f2, f1~£3, ..., fi~tn; £2~13, ..., £2~tn; tn-1~fn, where f/=firm
1,..., fn=firm n. With n=359, this results in 64,291 dyads in each year or 706,801 dyads

across the whole time period of 1989-1999.

Model Specification

We use a random effects probit model to estimate the likelihood that firm i will
partner with firm j in year ¢. Let:
Py =F [Z,(i,j), N(ij), YD), Y.(j), L(D), L(J)] , (1)
P, = probability that firms i and j will meet in a research partnership in year z.
F = cumulative probability function.
Z,(i,j) = vector of variables describing resource/market interdependence between
firms i and j in year ¢.

N,(i,j) = vector of network relationships between firms i and j in year .
Y,(i) = vector of characteristics of firm i in year ¢.
Y,(j) = vector of characteristics of firm j in year ¢.
L,(I) = vector of market and technological characteristics of the primary industry / of

firm 7 in year ¢.
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L,(J) = vector of market and technological characteristics of the primary industry J of

firm j in year ¢.

Dependent Variable

COLLABORATE; = 1 if firms i and j meet in a research partnership in year ¢;

= (0 otherwise.

Independent Variables

A. Resource/market interdependence Z(i,j).

The ideal match of partners maximizes the benefits of collaboration and
minimizes costs (Gomes-Casseres, 1993). To maximize benefits, partners must have
complementary assets and objectives. They may, for example, have expertise in different,
but commercially linked, technologies, or they may specialize in different parts of the
value chain. To minimize costs, firms may have good reasons to ally with partners that do
not differ much. For example, partners that share common goals and strategies should
incur lower costs in managing collaboration achieved by decreasing the number of
disagreements on market strategy, technology designs, and decision-making processes.
Resource similarity also facilitates learning. But resource and capability similarity cannot
be taken to extremes as it will eventually decrease the learning prospects from each other
while raising the possibility of losing important information to close competitors.
TECHPROXIMITY; = degree of similarity in the technological profile of firms i and j

in year .
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The technological proximity between two firms i and j can be measured as their
‘distance in technology space’, approximated here by the degree of similarity in their
patent portfolios (See Appendix for detailed definition). For the reasons discussed in the
previous paragraph, one could argue for a nonlinear effect of TECHPROXIMITY;; on
the probability that firms i and j will collaborate (Mowery et al., 1998). On this basis, we
would expect the effect of TECHPROXIMITY ;; to be a positive factor on partner choice
for low to moderate levels of overlap, turning flat or even negative at higher levels of
overlap. A quadratic term of TECHPROXIMITYj; is also included to take into
consideration the nonlinear effect of TECHPROXIMITYj. A positive sign for
TECHPROXIMITY ;; and a negative sign for TECHPROXIMITYUt2 are expected.
R&DSPILLOVER;; = TECHPROXIMITY ; X R&D;,

R&D spillovers have been identified in the economic literature as an important
incentive to collaborate (Branstetter and Sakakibara, 1998; d’ Aspremont and Jacquemin,
1988; Kamien et al., 1992). Other things being equal, firm i will receive more R&D
spillovers from firm j the larger the R&D budget" and the closer the research program of
firm j is to that of firm i. The similarity of research programs can be approximated by the
TECHPROXIMITY;; coefficient. The product of this coefficient and the R&D
expenditure of firm j will indicate the ‘effective’ spillover firm i can expect. A positive
sign for R&DSPILLOVERj;; is anticipated.

MARKETPROXIMITY ;- degree of similarity in the market profile of firms i and ;.

Prospective partnership participants are typically loath to discuss their secrets
with direct competitors. They also try to avoid collaborating with firms with similar

market profile due to the high potential for creating strong competitors. On the other
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hand, firms operating in similar industries may be organized along similar lines, thus
facilitating learning due to familiarity with markets, processes and supply chains.
Moreover, higher business similarity between partners allows firms to scrutinize with
greater confidence their partners’ opportunistic behavior (Alchian and Demsetz, 1972;
Merchant and Schendel, 2000). The market proximity between firm i and firm j is
calculated the same way to technological proximity except that we now use firms’
industry portfolios (primary and secondary SIC codes) instead of patent portfolios (see

Appendix). The expected sign for MARKETPROXIMITY ; is ambiguous.

B. Network relationship, N(i,j).

While resource and market interdependencies can be important explanatory
factors of tie formation between some firms, they may not adequately account for
partnership formation. After all, not all opportunities to share interdependencies result in
collaboration, implying that the conditions for mutual economic advantage are necessary
but not sufficient for the formation of a partnership between two firms. The problem with
accounts of partnership formation focusing solely on interdependencies is that they
ignore the social context in which firms learn about partnering opportunities and
overcome hesitations to participate (Granovetter, 1985). Firms rely on existing networks
for information regarding new opportunities, for information regarding the reliability and
reputation of prospective partners, and for safeguards against opportunistic behavior.
Network embeddedness thus becomes an important factor influencing the proclivity of
firms to enter partnerships. There has been significant evidence of the increased

likelihood of firms to enter partnerships the more centrally situated they are in the
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network or the larger their prior experience (Gulati, 1998; Stuart and Podolny, 1996;
Powell et al., 1996).

We built two types of networks, knowledge networks and partnership networks
(see Appendix for details). The knowledge network is formed on the basis of patent
citations cumulatively from 1975 up to each observation year (appropriately discounted).
The partnership network is formed on the basis of firm RJV participation cumulatively
starting at 1985 among the 2,435 entities that are identified in the merged database. We
build the network with the whole set of entities found in the merged database, expecting
thus to capture the overall network embeddedness of the 359 firms under investigation.
FAMILIARITYj, = 1 if firm 7 and firm j have collaborated in one or more RJVs initiated

before year ¢,
= 0 otherwise.

Efficient knowledge transfer through arm’s length transactions may fail due to the
presence of uncertainty and opportunistic behavior (Arrow, 1962). Earlier studies suggest
that previous partner experience is an important variable in overcoming such difficulties.
For instance, previous partner experience is demonstrated as a key factor of lowering
transaction costs in learning and transferring of knowledge (Kotabe, et al., 1996; Dyer
and Singh, 1998; Kale, et al., 2000) and partnership formation processes (Doz, et al.,
2000). Gulati (1995) also argues that trust formed through prior deals displaces a lot of
the transaction costs. Prior interaction and experience in partnerships affects not only the
decision to enter a partnership but also the terms of the resulting agreements (e.g., Filson
and Morales, 2005). Mayer and Argyres (2004) point out that repeated contracts with a

partner over time serve as repositories of knowledge about how to efficiently work with
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each other. Overall, repeated contracts with the same licensing partner, through frequent
communication in each partner for the other, will build confidence, eliminate lots of
uncertainty about partners, provide partners knowledge about better ways to collaborate,
and will lower the transaction costs of the licensing agreement. A positive sign for
FAMILIARITYj;; is expected.

ALLCENTRALITY ;= joint centrality of firms i and j in the partnership network in year ¢

Networks confer informational benefits to their members that can be summarized
as access, timing, and referrals. These informational benefits flow through two channels:
the direct ties of the organization (relational embeddedness) and its positioning in the
network (structural embeddedness). Each participant’s position in the network influences
its ability to benefit from the network: more central positioning generates visibility and
reputation and facilitates timely access to resources and information. This, in turn, raises
the status of the organization in the network and makes it especially desirable as a partner
(“preferential attachment’ process).

The normalized centrality of a firm in the partnership network in year ¢ is
calculated on the basis of the cumulative partnership pool from 1985 to year #-1. We use
betweenness centrality to build this variable (see Appendix for definition). Joint centrality
is the average between the two firms’ centrality values. Larger values indicate higher
degree of centrality of the two firms as a set in the partnership network. On the basis of
prior evidence that more central firms are more likely to engage in new partnerships, one
would expect an increased probability that more central firms will meet each other in new

partnerships. A positive sign for ALLCENTRALITY; is anticipated.
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PATENTCENTRALITY;, = joint centrality of firms i and j in the knowledge network in
year f.

The normalized centrality of a firm in the knowledge network (built on patent
citations) in year ¢ is calculated on the basis of the cumulative patent pool from 1975 to
year ¢-1 (discounted at 15% annually). Joint centrality is the average of the two firms’
centrality values, which is used to measure the firms’ position in the network. We use
betweenness centrality to build this measure (see Appendix for definition). Larger values
indicate higher degree of centrality of the firm pair in the knowledge network.
Considering knowledge centrality as a mechanism to gain reputation for technical
competency and make a firm more desirable as a partner leads to an expectation of a

positive influence of PATENTCENTRALITY ;..

C. Controls

Five sets of control variables are used: the characteristics of each firm in the dyad; the
characteristics of the primary industry of each firm; and temporal effects.

(C1) Characteristics of firm i, Y,(i)

SALES; = sales of firm i in year ¢.

Sales figures have been used as proxy for firm size. This variable controls for
unobservable size effects such as the attractiveness of a firm as a partner because of its
internal financial capability and anticipated scale economies in R&D. The expected sign
for SALES;; is positive.

ALLEXPERIENCE;; = cumulative number of past partnerships entered by firm 7 over the

five years prior to year ¢.
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= 0 otherwise.

The partnership experience of a firm is used to control for unobserved firm-level
factors such as firm strategy. Prior partnership exposure can also be used as a proxy for
the transaction cost of collaborating. Experience in gathering information about
prospective partners, negotiating, writing contracts and enforcing them will lower
transaction cost. The expected sign of ALLEXPERIENCE; is positive.

(C2) Characteristics of firm j, Y,(j)
SALES;, = sales of firmj in year ¢.
ALLEXPERIENCE;; = cumulative number of past partnerships entered by firm j over the
five years prior to year ¢.
= 0 otherwise.
(C3) Characteristics of industry I, L(I)
GROWTH, = growth rate of primary industry / of firm i in year ¢.

Rapid market growth creates incentives for expansion, potentially achieved
through collaboration. Even in cases where the firm fears helping potential competitors
through collaboration, the effect of rent dissipation due to increased competition with
new entrants will be minimized by high growth: the higher the growth rate of industry
output, ceteris paribus, the less an entrant’s supply will depress industry price and output
(Orr, 1974). Accordingly, firms will have a stronger incentive to collaborate in rapidly
growing sectors. A positive sign for GROWTHy is expected.

INDUSTRY PATENT;, = Patent/ R&D expenditures of primary industry / (of firm 7) in

year f.
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The propensity to patent is used here as a proxy of the strength of the intellectual
property protection system in an industry. Strong intellectual property rights (IPR)
protection creates a sense of security. The stronger IPR regime in an industry is, the
better the ability of a partner to maintain control of both background and foreground
knowledge in a collaborative agreement, ceteris paribus. A weak IPR regime aggravates
the appropriability problem, always present in R&D-intensive activities. On the other
hand, most partnerships in our dataset are in industries where the IPR systems have not
been traditionally very strong. Moreover, the industrial organization literature has often
interpreted weak appropriability as one of the major factors inducing firms to collaborate
with others to share the risks of creating new technologies.” The expected sign for
INDUSTRY PATENT} is ambiguous.

COMPLEXITY; = 1 if industry / (of firm 7) is a complex product industry;
= 0 otherwise.

This variable can be considered as a second proxy for the strength of the IPR
regime in an industry. Cohen et al. (2000, 2002) distinguish between ‘complex’ and
‘discrete’ (simple) product industries based on whether a new product incorporates
numerous separately patentable elements or relatively few. For example, electronic
products typically are comprised of a relatively large number of patentable elements, and
thus characterized as complex. In contrast, new drugs or chemicals are comprised of a
relatively discrete number of patentable elements (often a single formula) (Rycroft and
Kash, 1999). As a result, simple products can be better protected (strong IPR) whereas
complex products may be easier to invent around. Following Cohen et al. (2002), we use

SIC 35 as a crude cut-off point between complex product industries (35 and above) and
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simple product industries (below 35). As defined, simple product industries include
ferrous and non-ferrous metals, chemicals, petrochemicals, drugs, food, tobacco, and so
forth. Complex product industries include machinery, computers, electrical equipment,
scientific instruments, and all kinds of services. For reasons similar to the previous
paragraph, the sign for COMPLEXITY}] is ambiguous.
GPT; =1 if industry / (of firm i) is described as ICT, biotech or advanced materials;

= 0 otherwise.

Information and communication technologies (ICT), biotechnology, and advanced
materials have “infrastructural” characteristics (general purpose technologies). They have
penetrated throughout the economy during the past two to three decades and have thus
dramatically altered the basic meaning of high technology: rather than referring to the
output of R&D-intensive industries, high tech is now argued to indicate a style of work
applicable to just about any business (Branscomb and Florida 1998; Porter 1998). GPTs,
and especially ICT, have predominated partnerships since the early 1980s (Hagedoorn,
2001). We have included the following industries in GPTs: Biotechnology, Computer
Hardware, Advanced Materials, Computer Software, and Telecommunications. A
positive sign for GPT; is anticipated.

(C4) Characteristics of industry J, L(J)
GROWTH,, = growth rate of primary industry J of firm j at ¢.
INDUSTRY PATENT),, = Patent/R&D expenditures of primary industry J (of firm ;) at 7.
COMPLEXITY, =1 if industry J (of firm j) is a complex product industry;
= 0 otherwise.

GPT,; =1 if industry J (of firm j) is described as ICT, biotech or advanced materials;
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= 0 otherwise.
(C5) Temporal effects
Finally, to control for unobserved temporal factors we use ten dummy variables, TEMP1-
TEMP10, one less than the number of years in the panel.

The Appendix details the construction of the more synthetic variables. Tables 2
and 3 provide descriptive statistics of the variables and the correlation matrix.

[TABLES 2 & 3 ABOUT HERE]

Results

Table 4 presents the estimation results. Four models are presented with different
sets of explanatory variables. Model I uses the variables indicating the relationship
(resource and market interdependence) between firms i and j (Z,(i,j)). Model II adds the
network relationships between firms i and j (Z,(i,j)+N(i,j)). Model I1I adds the
characteristics of the two firms (Z,(i,j)+N(i,j)+Y:(i)+ Y,(j)). Finally, model IV adds the
characteristics of the primary sectors of the two firms (Z,(7,j)+Ny(i,j)+Y«(i)+ Y.(j)+L(1)+
L(J)) (complete model).

[TABLE 4 ABOUT HERE]

Table 5 summarizes the estimation results for the complete model IV and
juxtaposes the sign and significance of the estimated coefficients to prior expectations. It
distinguishes between the four sets of explanatory variables: resource and market
interdependence between firms i and j; network relationship between firms i and j;
characteristics of firms 7 and j; and characteristics of the primary sectors of firms 7 and ;.

[TABLE 5 ABOUT HERE]
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The estimation results are quite strong. Sixteen out of nineteen explanatory
variables are statistically significant. Specifically, the first three sets of explanatory
variables are fully statistically significant, including those that describe the
resource/market interdependence between the cooperating firms, the network relationship
among them, and the characteristics of each firm. The only exception is partnership
network centrality which progressively loses its statistical significance as we move from
model II to model IV. The non-significant variables belong to the fourth set describing
the characteristics of the primary sectors of the cooperating firms: the non-performing
variables refer to the growth rate of these sectors. Moreover, all statistically significant
variables have the anticipated signs. No signs reverse across models and the size of the
coefficients remains relatively stable.

The most important determinants of the probability that two firms will engage in a
research partnership are the relationship between them — including resource and market
interdependencies and network interaction — and the characteristics of each firm. Nine out
of ten explanatory variables in these three sets are highly statistically significant (p=0.001
level), whereas the tenth (joint centrality of the two firms in the partnership network) is
significant but progressively less so as we move from model II to (complete) model IV.
Firms are more likely to collaborate the closer they are in terms of both technological and
market profiles, the higher the expected knowledge spillovers among them, the more
familiar they are with each other through past interaction, and the more centrally located
they are in both the knowledge network. The combination of lower expected costs for the
cooperative activity due to similarities (TECHPROXIMITYj;;, MARKETPROXIMITYj)),

increased trust and reputation (FAMILIARITY j, ALLCENTRALITYj;), and better
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opportunity for mutual learning (R&DSPILLOVER;;, PATENTCENTRALITY ;) are
shown to create a strong attraction for firms to collaborate in research. The cost incentive
for partnering is further reinforced by the significant and positive influence of prior
experience with networking (ALLEXPERIENCE;;, ALLEXPERIENCE;). Not
surprisingly, firm size also turns out to be a significant factor for the likelihood that the
two firms to meet (SALES;;, SALES;).

Operating in technologically complex sectors (COMPLEXITY;, COMPLEXITYY/)
and being identified with general purpose technologies (GPT;, GPT)) raise the chance that
two firms will meet in R&D partnerships. Operating in industries with high propensity to
patent (INDUSTRY PATENT),, INDUSTRY PATENT}) seems, in contrast, to work as
an impediment to R&D partnering. Finally, rapid growth in the main sector of the partner

vii

firms has no statistically significant effect on the chances that two firms will partner.

DISCUSSION

By and large, the results support all three hypotheses laid out earlier in the paper.
The attraction of ‘localized” R&D cooperation comes out clearly: similarities in both
technological capabilities and market specialization and possibilities for higher
knowledge spillovers positively affect the likelihood that two firms collaborate in R&D.
The closer two firms are, the lesser the transaction costs of collaborating and the higher
the ability to learn from the partner."" The importance of value creation as a factor
weighing in one’s decision for choosing a partner also comes out clearly: repeated R&D

collaboration between the partners and mutual central positions in the partnership
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network build trust and social control mechanisms that decrease the transaction costs
associated with any particular deal. Combined to expectations for increased learning due
to the partner’s central position in the knowledge network, these factors further enhance
the incentives to work with the specific organization. Finally, firms tend to collaborate
the more experienced they are in networking, the more complex their products are, and
the more they deal with general purpose technologies.

An interesting outcome is the negative estimated correlation between the
likelihood of two firms collaborating in R&D and the intensity of patent protection in
their primary sectors. This result partly contradicts expectations in our third hypothesis
by implying that firms may be joining forces with partners in less well protected
industrial environments, everything else remaining the same. While some of the
explanation may be attributed to the choice of the sector”™, we may have here some
indication for a phenomenon that others have already pointed out. Contrasted to the
strong positive effect of spillovers, lesser taste to partner in better protected industries
would indicate that firms value learning from each other more than the ability to keep
things privy in a partnership. Several scholars (Levin et al., 1987; Hall and Ziedonis,
2001; Gulati, 1998) have argued that (a) intellectual property protection in the traditional
sense may not matter that much in R&D-intensive industries compared to the importance
of learning and (b) the social trust and control mechanisms developed in a network are
largely anticipated to tackle problems of intellectual misappropriation.

Implications

The likelihood that two firms will collaborate in R&D has been shown to depend

primarily on three sets of factors: (a) the resource and market interdependencies between
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the firms; (b) prior network interaction between them and their positioning in partnership
and knowledge networks; and (c) the characteristics of each firm. Firms are more likely
to collaborate the closer they are in terms of both technological and market profiles, the
higher the expected knowledge spillovers among them, the more familiar they are with
each other through past interaction, and the more centrally located they are in both the
partnership and the knowledge networks. Partnering possibilities also increase with the
firms’ general networking experience and with their size.

These results imply that firms typically prefer not to venture very far in terms of
technological and market specialization and in terms of prior networking experience
when choosing research partners. The combination of lower expected transaction costs
for the cooperative R&D activity due to similarities in capabilities, increased trust, and
better learning opportunities raises the appeal of a prospective partner. Importantly, the
effect of technological overlap is nonlinear, pointing to a delicate balance between
transaction and learning cost considerations, on the one hand, and opportunities to learn
and competitive concerns, on the other.

In addition, picking central network players with whom the firm has collaborated
before keeps costs low while reinforcing learning possibilities. Prior networking
experience, product complexity, and involvement in general purpose technologies further
raise R&D partner attraction.

The managerial implications are important. It is now well understood that firms
try to mitigate transaction and learning costs related to knowledge transfer and utilization
when considering strategic partnerships and networks (Gulati, 1998). For instance, they

prefer to align with partners with whom they are relatively more familiar either directly
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from prior interactions or indirectly through information that they receive from third
partners. Our analysis confirms these considerations. It goes one step further to show that
firms tend to seek out partners with a certain degree of similarity in terms of business and
technological profiles.

These results, we believe, should be of interest not only to corporate managers but
to managers of public programs promoting collaborative R&D as they imply a need for
awareness regarding the transaction cost and learning sensitivities of likely participants.
One could reasonably ask whether there may be ground for considering support
differentials of collaborative R&D projects on the basis of the resource/capability
‘distance’ and lack of familiarity of prospective partners with each other and with
cooperative research activities altogether.

Contribution and Future Research Directions

The study contributes to the extant literature in several ways: (a) it adds to
empirical evidence on a core topic in inter-organizational collaboration while explicitly
taking into consideration modern concepts of network embeddedness; (b) it covers a wide
spectrum of industries including both manufacturing sectors and service sectors; and (c) it
involves firm-level analysis using a large dataset that extends over a decade and a half.

The results of the study should be validated with other partnership populations. It
may be, for example, that partnerships registering with the U.S. Department of Justice
differ systematically from others given the antitrust incentive for registration. The fact
that the obtained results fit the existing theoretical literature quite well and they nicely
complement prior empirical analyses on the subject is encouraging and invites further

investigation.
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ENDNOTES

" The literature is quite extensive. For surveys see, for example, Caloghirou et al. (2003,
2004), Gomes-Casseres (1996), Gulati (1998), Hagedoorn et al. (2000), Hemphill and
Vonortas (2003), and Vonortas (1997). Several special issues of influential academic
journals have focused on partnerships and networks in the past five-ten years including
the Academy of Management Journal, Organization Science, Organization Studies,
International Studies of Management and Organizations, Strategic Management Journal,
etc.

" In addition to the literature in the previous footnote, see Gomes-Casseres (1993),
Inkpen (1998), and Robinson and Stuart (2000).

il Research joint venture (RJV) is the term used by DoJ to describe a registered R&D
venture. No differentiation is made between equity and non-equity ventures. To the best
of our understanding, these are non-equity agreements.

¥ The loss of observations is due to data matching across three databases (partnerships,
patents, financial). The sample of organizations is limited in terms of firm nationality
(US-traded firms are only considered), firm size (very small firms with no documented
patenting and financial history are dropped), and technological capabilities (firms without
patent applications during the examined time period are excluded). The composition of
the sample does not seem to be biased in other ways.

¥ The demands of the technology absorption process are such that a partner firm must
have considerable in-house technical expertise (Cohen and Levinthal, 1989) which will

complement the activities of the partnership.

27



¥I Nonlinear relationship, implying the gradual exhaustion of willingness to collaborate as
appropriability levels drop very much. See Vonortas (1997) for more extensive
discussion.

¥il We suspect that the growth variables — and to some extent the patent intensity variables
— did not work well because we were obliged to use the primary industry of the firms to
capture industry-level effects on the incentives of two firms to enter a collaborative
agreement. The first best would have been to use the industry in which the specific
agreement can be classified in. While this information was available to us, the reason for
choosing the primary industry of the firm is that our econometric methodology juxtaposes
the dyads which were observed with those which were not: we obviously did not have the
industrial classification for non-consummated partnerships.

Vil These results seem to confirm the ‘homophily’ finding in interpersonal networks
(similar people tend to interact with each other). The idea of homophily has also been
extended to interorganizational networks which, it has been argued, are more likely
among partners of similar status and power (Ring and Van de Ven, 1992). For a
discussion see Brass et al. (2004).

X See footnote 7.
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APPENDIX

Complex variable definition, preparation, and data source

TECHPROXIMITYj;:: We calculate the technological proximity of two firms as an angle
between the firms’ patent class portfolios (Jaffe, 1986; Branstetter and Sakakibara, 2002).
Let V}, be firm i’s technology (patent) profile vector at year  (1969< ¢! 1999). V},is an
R" column vector, where m=36 and the number of m comes from the technology
categories determined by Hall et al. (2001) on the basis of USPTO patent classes. Vi(k),
the k™ element of V;, contains the cumulative number of patents granted to firm i in the Kt
technology category from 1969 to the year prior to ¢ (year ¢-1). V}, is then calculated as
follows:

Vi= (1= 0) Vig-ny + Kir .
where p =0.15 is the depreciation rate, K;; is R” column vector whose k" element

represents the number of patents firm i obtained at year ¢ that belong to the k™ technology
category. The initial value of V}, for year 1968 is assumed to be zero. Thus, the
technological proximity between firm i and firm j at year ¢ is defined as the inner product,

Vi 2V

K ‘V/t ’

wherelV,| = E/ MoV, )+V, 2V, 2Q)+..V, (k)*V, (k)} , Vi(k) is the value for k™
element of V.

TECHPROXIMITY; [0,1]4 Higher values represent more similar technology portfolios.
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MARKETPROXIMITY;: The variable is an angle between the two firms’ market profile
vectors based on the firms’ primary and secondary SIC codes. It is time invariant and
calculated only once at the end of the examined period assuming that companies’ main
lines of businesses do not change frequently. The same procedure as
TECHPROXIMITY j is used. Richards and Carolis (2003) use the same definition for

this variable.

Description of Networks: Two types of networks are built to capture the firms’ network
embeddedness: the knowledge network and the partnership network. In the networks
entities are represented by ‘nodes’ and a connection between two nodes are represented
by a ‘link’.

The knowledge network is formed through patent citations cumulatively from
1975 to the current year. ‘Self-loops’, that is, links to oneself which happen in the
knowledge network when a firm cites its own earlier patents are eliminated. Moreover,
the knowledge network is ‘undirected’: the ‘direction’ of information flow from cited
patent to citing patent is disregarded.

The partnership network is formed through the firms’ participation in RJVs
cumulatively starting from 1985. ‘Self-loops’ (a firm participates in an RJV multiple
times through its divisions or subsidiaries) are eliminated.

One can build the partnership and knowledge networks either by looking at the
relationships among the 359 firms in the sample or by additionally looking at the
relationships of these firms with everyone else (2,435 entities are identified in the merged

database). We have followed the latter procedure in building the network data for our
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econometric analysis: it enables us to capture the 359 firms’ embeddedness in the overall
partnership network.

Betweenness centrality is used to obtain the variables PATENTCENTRALITY ;,
and ALLCENTRALITY ;. Betweenness centrality of a node (firm) in a network indicates
the extent to which the node is between the shortest link that connects all other nodes in
the network. High betweenness centrality value suggests that the node plays a critical role
in communication in the network. Let G = g;;be a matrix representing the total number of
the shortest path between nodes i and j. Let G(k) = gj;(k) be the number of geodesics
between nodes i and j passing through node k. Then node £’s normalized betweenness

Cp(k) 1s given as:

) g, (k)
Cy(k) = (n=1)(n-2) 2 8

where 7 is the number of nodes. Cp(k) is 1 at maximum when node £ is located in the
center of a star-shape network. Cp(k) is 0 when node £ is located in a peripheral position
in the network. We use the algorithm developed by Brandes (2001) in calculating
betweenness centrality.

The obvious alternative to betweenness centrality is degree centrality, i.e. a
number of neighboring nodes directly linked to the focused node. It may be obtained
much more easily than the betweenness centrality. The problem of degree centrality for
our analysis is, however, that a high degree centrality value does not guarantee that the
node is located in central position in the network; rather, it may be that the node is
located in a peripheral position and has a lot of linkages with its neighbors. For example,
in the knowledge network, a firm may have high degree centrality value if its patents cite

many other patents but they are cited by only a few.
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GROWTH,, GROWTH,;: Two-digit level SIC codes are used to classify industries. The

annual growth rate of industry 7 (of firm 7) for year ¢ is defined as:

GROWTH, = GDP:-GTPe-» 100.00
GDPi(t -1

where GDP), is Industry I’s GDP in year ¢ in constant 1996 dollars. The data comes from

the Bureau of Economic Analysis (http://www.bea.gov, section ‘GDP by Industry”).

INDUSTRYPATENT;;: Industry I’s (2-digit SIC) patent intensity for year ¢ is defined as:

_ 2 Granted patents,
- E R&D exp enditurey,

INDUSTRYPATENT,

where ZGranted patentsy, is the sum of patents granted to firms in industry / in year ¢, and

ZR&D expenditurey, is the sum of R&D expenditure of firms in industry / in year ¢.

GPT;, GPT,. CorpTech’s concordance tables are used to translate 4-digit SIC codes into
CorpTech industry codes. We then categorize into general purpose technologies (GPT)
the following industrial areas: Biotechnology, Computer Hardware, Advanced Materials,

Computer Software, and Telecommunications.
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