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Abstract

This paper studies multilateral cooperation netvgodmong organizations and work on a two-mode
representation to study the decision to participatea consortium. Our objective is to explain the
underlying processes that give rise to multilatecalllaboration networks. Particularly, we are
interested in how heterogeneity in organizationgttibutes plays a part and in the geographical
dimension of this formation process. We use the det project proposals submitted to th8 7
Framework Program (FP) in the area of Life scienc&otechnology and Biochemistry for
Sustainable Non-Food. We employ exponential rangiaph models (p* models) (Frank and Strauss,
1986; Wasserman and Pattison, 1996) with nodelattes (Agneessens et al., 2004), and we make
use of extensions for affiliation networks (Wangakt 2009). These models do not only enable
handling variability in consortium sizes but alsalax the assumption on tie/triad independence. We
obtained some preliminary results indicating ingitnal types as a source of heterogeneity affgctin
participation decisions. Also, these initial resujpoint out that organizations take their potential
partners’ participations in other projects into ammt in giving their decision; organizations locdte

in the core European countries tend to participeiehe same project; the tendency to preserve the
composition of a consortium across projects and tiwedency of organizations with the same
institutional type to co-participate are not sigodnt
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1. Introduction

As corroborated by empirical evidence, researclvemg carried out more and more in

cooperation with others (Hagedoorn, 2002; Wuchigl.e2007), creating relational spaces in
which knowledge is not only exchanged but also reated. As one particular type of

cooperation one can observe research and develop{R&D) project networks, where

multiple actors come together in the form of cotisars around an activity plan, budget and
a schedule. Indeed, promotion of such collaboraticonstitutes a particular dimension of
innovation policies both at the national and thedpean level with considerable shares in the
direct public support for R&D. To illustrate, inghSeventh Framework Programme (FP7)
initiated by the European Commission for 2007-2@34 billion Euros has been allocated to
the Cooperation Program, which is more than hathefbudget. Hence, it becomes a matter
of interest to know how different combinations ofvariety of actors come together to

exchange and co-create knowledge; what are theequeaces of knowledge flows in such
relational spaces in terms of regional disparitregnnovation and human capital; and what
are the implications for conceptualizing the extantl the meaning of the geographical

dimension of externalities.

A certain number of studies have been developeldrield of Economics, which may help
to answer these questions. The theoretical litezdtllows the seminal work of Jackson and
Wolinski (1996) regarding the determinants of caapien and how they impact the structure
of networks (Goyal et al., 2006). Johnson and &i(l2000) and Carayol and Roux (2007)
introduced the geographical dimension into thisnemtion model by making the costs of
creating connections dependent upon the agentfiakpcation links. For reasonably large
parameter intervals, and within the network eqtililm, these two models both generate
“small world” networks, that is to say, networksachcterized by connections with very high
rates of proximity connections and a few long-diseaconnections. Thus, the models predict
that geographical proximity should be a centrakdatning factor for collaborative choices.
Furthermore, in these two models, the authors sti@at; in network equilibrium, distant

connections may be too few given that which wowddsbcially necessary.

From an empirical perspective, the literature ooggaphy of innovation includes a number of
studies addressing the formation of research amiélmns. These studies exhibit a high
degree of variation in terms of scope, definitioh nmdes (organization or region) and

methodological choice, but they all focus on explay the determinants of bilateral



cooperation based on one-mode network represemsaffsutant-Bernard et.al., 2007; Paier
and Scherngell, 2008; Scherngell and Barber, 2088 and Scherngell, 2010; Broekel and
Hartog, 2011).

However, in multilateral cooperation the naturehsd cooperation decisions is different than
the one in bilateral cooperation, suggesting aetbffit context to investigate network
formation. The reason is that in multilateral cexgtion organizations make a single decision
on whether to make research together or not ralfiaer making individual decisions for each
organization that is likely to be in the consortiufio the best of our knowledge, Frachisse
(2010) makes the first attempt to study multilatemoperation by analyzing the formation of
triads in a one-mode representation of a networlerging from FP6 participations. He
acknowledges the fact that consortiums may be pfs@e but due to the difficulty of testing
all possible combinations through logit and probidels, he focuses on formation of triads

and assumes that formations of triads are indeperdeach other.

Hence, in this study we focus on multilateral caagien networks among organizations and
work on a two-mode representation to study thesilmeito participate in a consortium. Our
objective is to explain the underlying processest thive rise to multilateral collaboration
networks. Particularly, we are interested in hovetmgeneity in organizations’ attributes
plays a part and in the geographical dimensiomigfformation process. Therefore, different
organizations would play different role in the dgfon on knowledge within collaboration
networks and their location would affect the abibif knowledge to flow through space. We
use the data on project proposals submitted t&tHeramework Program (FP) in the area of
Life sciences, Biotechnology and Biochemistry foustinable Non-Food. We employ
exponential random graph models (p* models) (Fran® Strauss, 1986; Wasserman and
Pattison, 1996) with node attributes (Agneesseias ,€2004), and we make use of extensions
for affiliation networks (Wang et al., 2009). Thes®dels do not only enable handling

variability in consortium sizes but also relax #ssumption on tie/triad independence.

Our preliminary findings show that in the field dfife sciences, Biotechnology and
Biochemistry for Sustainable Non-Food, higher etiooa institutions and research
institutions have a higher interest in engaging nltilateral research cooperation as
compared to other institutional types. In thisdjebrganizations take their potential partners’
participations in other projects into account imiigy their decisions and organizations located

in the core European countries tend to participatehe same project. The tendency to



preserve the composition of a consortium acrosge@i®is not found out to be significant.
Finally, the tendency of organizations with the sanstitutional type to co-participate is not

found to be significant.

However, we would like to highlight that these #re initial results of an ongoing study and
they reflect the behavior of organizations in ayvwegirrow research theme. Hence, they are far
from leading us to generalizations. In spite o$thwve think that this work might still suggest
a value as it attempts to extend the work on natdirbl collaboration networks. It builds up a
discussion on formation of such networks based hen dconomic literature on network
formation, inter-organizational collaboration, goximity dimensions; and it presents some
initial empirical results. While doing that it aldtustrates the use of an alternative modeling
approach for multilateral cooperation networks gmints out the additional explanatory
capacity that one could get by making use of depecids among ties rather than ignoring

them.

In the sequel, we will discuss the determinantmattilateral cooperation based on previous
research. Then, in Section 3, we will start prasgnthe empirical setting by explaining the
sample and representation of the network, then wk explore some of the network
properties. Afterwards, we will introduce the modeld explain variable definitions. In
Section 4, we will present the results and finaity,Section 5, we will conclude with an

overall assessment.
2. Theoretical Framework

The participation decisions made by each orgamizatiould be conceptualized along two
dimensions: factors affecting an organization’seiaest in engaging in multilateral
collaboration, and factors affecting their co-papation decisions. We will elaborate each of

these dimensions in the following subsections.
2.1. Factors affecting the interest in participation

An organization might be interested in engagingnuitilateral research collaborations for a
variety of reasons, all of which are not necesgagtchnology related like improving its
business network or brand reputation. However, tluethe fact that the context of
collaboration is to make R&D and this context isnfied by a project plan (activity

scheduling, budgeting, division of work, etc) omelld assume a stronger role for technology



related aspects and describe this primal inter@shlgnas interest in accessing information,
knowledge, skills, ideas, financial capacity tolima a research that it could have not

achieved on its own, etc.

The level of this interest, however, may vary asrd$ferent institutional types as their primal
roles are different. To illustrate, the interestaopublic organization in engaging in research
consortiums as a user or a regulator is differiean ta higher education institution who seeks
scientific or technological advancements. Furtheengrofit seeking organizations have
appropriability concerns as accession has someciats® risks about control on the
knowledge. Massard and Mehier (2009) argue thaetheists a trade-off in maximizing the

knowledge acquired and minimizing the loss of appatility. Cassiman and Veugelers
(2002) address this issue for bilateral cooperafiortheir study based on Community
Innovation Survey (CIS) data for Belgium. Their uks show that the probability to

cooperate is positively related with the level n&aegic protection.

Hypothesis 1: Organizations with different organizational typkfer

in their interest in participating in research aomisims.

Another reason why organizations might differ irithinterest in participating in research
consortiums might be the specific role played byedocal features. On the one hand, a high
level of industrialization and a well-organized dbdnnovation system in a place might
promote systemic learning and interactive innovai{i@ooke et al., 1997) and hence foster
the absorption capacity of organizations (Cohen baewdinthal, 1990); i.e. “the ability to
recognize the value of new information, assimiltend apply it to commercial ends”. On
the other hand, the development of all regionamn®iof information services, technological
transfer institutions and communication infrastawet may enhance the circulation of

information and hence favor the ability of agewntbé aware of potential consortiums.

Hypothesis 2: Place matters in organizations interest in pguaitng in

research consortiums.

In addition to that, each tie has an associatetlasabsthe decision to collaborate is made after
considering the costs and benefits associated tvéhcollaboration (Bala and Goyal 2000).
However assessment on costs versus benefits cdmadescribed as an independent
evaluation made individually for each tie. At ledgo reasons could be suggested to support
this argument. First, each organization has coingtran the resources it can allocate for
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(collaborative) research; and an organizations'tfplio of projects competes for these
resources. Second, the benefits that an orgameatdains out of a portfolio of projects
might be more than the bare sum of individual biéneAs Powell et. al. (1996) argue,
learning through collaborations does not take pladependently for each tie; indeed, the

portfolio of consortiums offer cross-learning opomities.

Hypothesis 3: Organizations tend to increase the number of ptaje

but each additional project has costs as well asfiis.
2.2. Factor s affecting co-participation decisions

The idea at the root of the well-known connectioadel by Jackson and Wolinski (1996)
bases on the fact that establishing a link betvasgmti and agenj allows agent to access
not only to the information initially held by agenbut also to other information to which
agentj has access via his other connections (and vicgaver agenf). What is more, in the
relationship network the further agens away from agerjt the less the amount of agegist
initial information to which he has access. Herae,organizations’ first-hand accession to

the knowledge created in other projects might aftsattractiveness as a potential partner.

Hypothesis 4. Organizations take partners’ accession to other
knowledge sources into account in giving the deni$o participate in a

research consortium.

In addition to that the proximity literature, whigbrovides an important basis for the
theoretical framework of studies on bilateral caatien, bestows some reasoning to explain
for the decision to co-participate. On the one hasatial proximity might be a relevant
dimension in the sense that a consortium is noelyer medium for knowledge production
but also a medium for social interaction. Socie$ tcan play a role to convey information on
possible consortiums, their compositions; and makesasier to identify cooperation
alternatives and get into contact with them as shtwveoretically and empirically in other
contexts (Jackson and Rogers, 2007; Fafchampd. €030; Autant-Bernard et al. 2007).
This may result in co-participations with a sulsedld partners in new projects.

Furthermore, social ties may affect co-participatdecisions through development of trust.
Zand (1972) argues that high trust enables theasgsh of ideas more openly; and Zaheer
et.al. (1998) suggest that the higher the levehtar-organizational trust the less the cost of



negotiations and conflicts. Also, Uzzi (1996) argtieat embedded ties transmit more private
and tacit knowledge as compared to the informatixchanged at arm’s-lengtHence, these
may give reasons to preserve relationships withpaltihers by engaging in new projects with

them.

In addition to social proximity, the change in tagnitive distance between the members of a
consortium may create reasons for future collaimrat The reason is that the members of a
consortium not only increases the level of themowon knowledge but also develop skills on
communicating and doing research collectively. Titerature on cognitive distance and
related variety argues that sharing common knovdeidga pre-requisite for understanding
each other and benefit from collaboration (Frengeal., 2007; Nooteboom et al., 2007). In
the same line the concept aklative absorptive capacityproposed byane and Lubatkin
(1998) points out that an organisation’s abilityearn changes from partner to partner. This
change results from the degree of similarity inWlealge bases, compensation practices and
organisational structures, and organisational grobset. However, two much proximity may
also hamper collaboration, by increasing the rislock-in and by reducing the opportunities
of new knowledge creation. As noticed by Cowan, aldnand Zimmerman (2007)
heterogeneity among agents regarding their knowlettyels decreases as knowledge
diffuses within the network, reducing the propensitgenerate innovation.

Hypothesis 5. Organizations tend to preserve their partners sacro
participations (stability of consortiums) but thésea trade-off between

this tendency and the risk of lock-in.

On the other hand geographical proximity can argoelde playing a role, independently or
together with social proximity. This role could benceptualized along several axes. First,
physical proximity could be associated with acqtaine or awareness about organizations
nearby. In this regard, agglomerations might be@ated with a higher possibility for agents
to be identified. Geographical proximity betwegeiats may favor flows of information and
knowledge because, as stated by A. Moles (1992) ist@ose to me (here and now) is more
important than what is far (in space and tim&conomic agents will thus pay more attention
to what happens in the geographical area in whiy tare located. Firms are indeed

federated by local institutions which causes jomgeting opportunities. It may be official

2 « Ce qui est proche pour moi (ici et maintenast)péus important que ce qui est lointain (ailleanstrefois,
plus tard) » A. Moles, « Vers une psycho-géographia A. Bailly, R. Ferras and D. Pumain, ed. (2P9
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bodies (Chambers of Commerce and Industry, depat&her regional union branches, etc.).
But also more informal structures such as locab@asions (with objectives in terms of
training, environmental protection, for exampled amhose only reason for grouping result
from their belonging to the same geographical aféas, companies may meet because of
geographic proximity, while at a distance they vdonbt have the opportunity. The same
applies to relations between firms and public regearganizations. Proximity to universities
allows for many interactions, likely to ease cotledtion between agents (use of academic
consultants, recruitment of young doctors, librange, informal communications at
conferences or social activities, etc.). Secondgggphical proximity may act as a facilitator
for face-to-face interactions and promote transimms®f tacit knowledge (Feldman and
Florida, 1994; Anselin, Varga, and Acs, 2000; Balla2009); and hence, increase the amount
and the scope of knowledge that can be accessedyr&phical proximity may also facilitate
cross-fertilization of ideas (Feldman and Florid294), pointing out a higher potential of
knowledge that could be co-created. In additiorthiat, it may enable timely inflows of

information (Feldman, 1993) or reduce the costafibboration (Hoekman et. al., 2009).

However, the specific role played by distance ffailt to distinguish from the one played
by some local features. While being spatially pnoate might mean sharing similar local
features, leading to spatial dependence in colilwor decisions; the local features may also
affect the interest in collaboration in the serfsa& the local innovation system may play a
crucial part on the ability of agents to be awar@atential collaborators as well as of their
attributes. Some places benefit from well organir@drmation systems promoting both
systemic learning and interactive innovation (Coakeal., 1997). More generally, the
development of all regional forms of informatiomaees, technological transfer institutions
and communication infrastructure may foster theutation of information and hence favor

the ability to co-participate in R&D networks.

Hypothesis 6: There is a tendency among organizations locatedria
regions to participate in the same project (seeti@ec3.2.3 for

definitions).

Another aspect of similarity refers to the insibail proximity, which is relevant both at the
country or regional level and at the organizatideakl (Knoeben and Oerlemans, 2006). It
refers to the closeness in standards, routinesjesalgoals, languages, etc., which are

“enabling mechanisms that provide stable conditiforsinteractive learning (Boschma,



2009). Balland (2009) models R&D collaborationg=ig6 in the navigation satellite industry
as bilateral collaborations and finds out that orgations prefer to interact when they are
institutionally proximate. On the other hand, Pomdsal. (2007) claim that geographical
proximity can help overcoming problems resultingnfr differences among goals in research,

institutional backgrounds and constraints.

Hypothesis 7: There is a tendency among organizations with #mees

institutional type to participate in the same pcbje

Finally, co-participations should have a limit inetsense that the larger the size of the
consortium, the harder to coordinate and achiewsselearning. Hence, trade-offs arise as the
unique piece of knowledge or the unique capacitycrmate knowledge offered by each

additional participant have associated costs mdsesf project management.

Hypothesis 8: Consortium sizes tend to increase, but each additi

partner brings in coordination costs as well agieg benefits.

3. Empirical Setting
3.1. Data Description and Construction of the Sample

The data is provided by the French Ministry of HigEducation and Research on the basis of
the European Commission records on the projectgsalp submitted to thé"7Framework
Program (FP7). In this raw data set, there is & Hegree of variation in the way the name of
an organization is recorded for different projecipgmsals it is involved in. The use of data in
its raw form, hence, results in either treating #ame organization as several different
organizations depending on the number of differearines under which it is recorded, or
treating geographically/institutionally differenbtéies as the same organization as they are
registered in the database only with the namee®fdfal entity that they are a member of. To
reduce this ambiguity in organizations, the rawadat processed by EUROLIO (European
Localized Innovation Observatory) to match the rdsdhat correspond to the same entity by
making use of the information on the location @& drganization.

The overall dataset includes proposals submitteédinvihe scope of four programs of FP7:
cooperation, ideas, people, and capacities. Duéheéoscope of this study we used the

information in cooperation program, by which traamsonal research is funded by the



Commission in ten different thematic fields. Amahgse ten fields, we restricted our study
to Food, Agriculture and Fisheries, Biotechnologgtf and then further to the subtheme
called Life sciences, biotechnology and biochemi&ir sustainable non-food, which consists
of a wide range of subtopics. Among the projectthia field we used small or medium-scale

focused research projects to build our sample.

The rationale behind such a restriction is two-$olérirst, the thematic fields and their
subthemes are not defined from a purely technaddgioint of view, indeed some of them
serve for fulfillment of particular socio-economabjectives. Hence, some subthemes are
associated with diverse technological areas. Duthaofact that the dynamics of network
formation may differ in different knowledge basige tried to focus on a subtheme with a
narrower technological span. Second, due to oureinclibice and associated difficulties in
estimation which will be explained in Section 3v@¢ tried to arrive at a sample with a
manageable size. As a result we end up with a saof@37 projects including 1316 unique
participants, which has been proposed to the Cosiomsn response to five different calls

issued yearly from 2007 to 2011.

3.2. Network Representation and Network Properties

Using the sample explained in the previous sectiom,build a two mode network, which
consists of two types of nodes and ties among tHanthis network, the first setd =
{1,2,3, ...,n}) of nodes refers to organizations, and the secet@s= {1,2,3, ..., m}) refers

to projects. Hence in our network, the @j of all possible ties connecting each organization
in A to each project i is of sizen x m. We denote a possible tie between an organization
[ € A and a project € P, with the random variablg;, which takes a value ot if the tie is
realized (meaning that organizatioparticipated in project ), and0 otherwise. Then we
express the overall network as a random vedtyy which is a collection of tie variables, i.e.

Y = {¥;;}. We denote a realization of this vector wth= {y;;}.

Table 1 summarizes the size of the network andizegan of ties. In the following

subsections, we will abridge major properties @amizations and consortiums.
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Table 1. Network Size

Number of Organizations (n) 1316
Number of Projects (m) 237
Number of Possible Ties (] = n x m) 311 892
Number of Realized Ties 2153
Aver age Degree of Organizations (Min and M ax) 1.64 (1 and 17
Average Degree of Projects (Min and M ax) 9.08 (1 and 18
Average Density 0.0069

3.2.1. Heterogeneity among Organizations. Difference across Institutional Types

When we consider the distribution of organizatiovith respect to their institutional types
(Table 2); we observe that higher education instiis (HES) appear to be the largest group
followed by private commercial organizations (PR&)d research organizations (REC).
Public institutions (PUB) and other types of orgaions (OTH) together account for only
7.6% of the actors in the network.

However, when we consider the share of each gnodlpe total number of participations, we
observe that these shares are not directly prapatdtito group sizes, signaling a difference in
their interest in participating in research consons as formulated in Hypothesis 1. While
PRC'’s constitute one third of the organizationthim network, one fourth of the participations
are made by them. On the other hand, HESs cotest#®% of the organizations in the
network, but almost 46% participations are madehieyn. The behavior of PUBs and OTHs

are similar to PRCs, whereas the behavior of REGsmilar to HESs as depicted in Table 2.

Table 2. Breakdown of Organizations and Participations wépect to Institutional Types (%)

HES PRC REC PUB OTH TOTAL
Breakdown of Organizations 39)1 32.6 20.7 1.9 5.7 00.a
Breakdown of Participations 46)3 25.4 22.5 1.6 4.2 100.0

Examining the degree distribution of organizatiotinés difference is further elicited. While
the maximum degree is 17 for HES and REC, it isydhlfor PUB. Furthermore, the
distribution of organizations with respect to thdagrees differs across institutional types.
While the majority in all institutional types tends have a degree of one, resulting in
positively skewed degree distributions; the degrfeeariation in degrees and skewness of the

degree distribution differs across different ingtdnal types as indicated in Table 3.
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Table 3. Differences in Degree Distributions across Ingtitual Types

HES| PRC| REC puB| oTH| Ovedl
Network
Minimum degree 1 1 1 | il n
Maximum degree 17 5 1y 3 6 17
Mean degree 1.9 1.8 1/8 1.4 1.2 1|64
Std. Dev. of the Actor Degree Dist. 1.82 0.69 1174 0.69 0.68 1.48
Skewness of the Actor Degree Dis}. 1141 0,98 098 .310 0.29 4.65

Finally, Table 3 indicates that although there arganizations that engage in as many
consortiums as 17, on the average the project@iortbf an organization is of size 2. This
observation goes hand in hand with Hypothesis 8lihaes on the trade-off between multi-

connectivity versus cost of connections.
3.2.2. Heterogeneity among Organizations. Difference across L ocations

Our data set includes information on the locatidnomanizations; however while this
information is available up to NUTS3 level for Eldumtries, regional information is not
available for non-member countries. Organizatiomsnf non-member countries constitute
around 19% of all organizations in the network. FEountries with a small land area,
assuming that the country consists of a singleoregnight be reasonable but for countries
with very large land areas this assumption resaltsnderestimation of the geographical
coverage at the regional level. With this limitatidable 4 summarizes the geographical

coverage the network under study.

The table includes a classification of regions @ cperiphery, and other. We call regions
located in Austria, Belgium, France, Germany, #athe Netherlands, Switzerland, United
Kingdom as the core regions. We call regions in ra&mber countries other than core
regions as the periphery regions and classify &s¢ as other. In our network, 49% of the
organizations are located in core countries and ©8%ll participations are made by this
group. On the other hand, 32% of organizations laocated in the periphery and the
participations made by them also constitute 32%llgbarticipations. Finally, we observe that
the situation for other regions is the reversehef ¢core. These observations are in the same

line with Hypothesis 2.
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Table 4. Geographical Coverage of the Network

Number of NUTS3 Regions I nvolved * 490
Number of CountriesInvolved 81
Share of Organizations Located at Core Regions (%) 48.9
Share of Organizations Located at Periphery Regions (%) 32.0
Share of Organizations Located at Other Regions (%) 19.1
Share of Participationsfrom Core Regions (%) 53.0
Share of Participationsfrom Periphery Regions (%) 31.9
Share of Participationsfrom Other Regions (%) 151

* underestimated as region information is not aldé for non-nonmember countries.

3.2.3. Composition of Consortiums

In this section we will try to describe the compiosi of consortiums to explore the co-
participation decisions. To start with, in Tablewe present the share of consortiums
including co-located participants. Indeed, the gaphical coverage of consortiums is not free
of the design of FP program, since the Commiss&ts the minimum conditions on the
consortium size and location of participants. Adaog to these conditions:

“at least three legal entities must participate ,chaof which must be established in a Member State

or associated country, and no two of which may b&ldished in the same Member State or

associated country”

(Regulation(EC) No 1906/2006; Article 5/(1))

Breakdown 1 in Table 5 reveals that, after satigfyihe condition for three members stated
above, the consortiums tend to increase co-locati@ther than increasing the country
variety. Breakdown 2 in the same table revealsh&urthat these co-locations tend to be as
narrow in geographical scope as NUTS3 level. Breakd3 however goes hand in hand with
Hypothesis 6 as in 95% of the consortiums thereaifeast one pair of organizations located

in the core.

Finally, when we consider the composition of cotigars in terms of institutional types, we

observe that consortiums that are homogeneougnmstef institutional types are rare (less
than 2%). As indicated in Table 6, approximately®60f all consortiums bring together

organizations from three different institutionapé&g. Indeed, majority of these consortiums
include higher education institutions (HES), prevatommercial organizations (PRC) and
research organizations (REC) as the three diffenstitutional types.
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Table 5. Consortiums with Co-located Partners

Count Share (%)

Total number of consortiums 237 100
Breakdown 1:
Including at least two participants co-locatedhat country level 227 95.8
Including participants each from a different coyntr 10 4.2
Breakdown 2:
Including at least two participants co-locatedhat NUTS3 level* 142 59.9
Including participants each from a different NUTi®gion** 95 40.1
Breakdown 3:
Including at least two participants located in aecagion 225 94.9
Including participants at most one located in a&aegion 12 5.1

* overestimated, ** underestimated

Table 6. Composition of Consortiums with respect to Institnal Types of Participants

Count Share (%)
with single institutional type 4 1.y
with 2 institutional types 27 11.4
with 3 institutional types 148 62.4
with 4 institutional types 53 22.4
with 5 institutional types 5 2.1
Total 237 100

* 118 of which are consortiums among HES, PRC,REC.

3.3. TheModd

One of the key conclusions that could be deriveminfrthe previous discussion on the
determinants of multilateral consortium is that tthecision made by an organization to
participate in a consortium is not an independeision.Indeed, even the simple fact that a
consortium is realized as the joint result of mapation decisions made by its members,
corroborates this. As a result, models based andependence like Bernoulli random graphs
(Erdés and Renyil959) or pl models (Holland and Leinhardt, 1972)gest a limited

capacity to study such networks.

Exponential random graph models (p* models) (Frank Strauss, 1986; Wasserman and
Pattison, 1996), however, not only avoids an assiempn tie independence but also permit
taking a wide range of tie dependencies into acdcdaodeed, dependency assumptions lie at
the heart of p* models as they express the probalwf observing a particular network
configuration in terms of the local configuratiofmeighborhoods) that emerge as a result of
these dependence assumptions. For the statistidahathematical foundations of p* models

we refer readers to the joint probability of a Markfield or to the extensions of statistical
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mechanics of Gibbs to the study of networks by Pamk Newman (2004), and to the
Hammersely Clifford Theorem (Besag, 1974) provimg Gibbs-Markov equivalence.

One class of dependencies that could be handledighra p* model is called the Markov
dependence (Frank and Strauss, 1986). Accordingaikov dependence assumption, two
ties not sharing a node are conditionally indepandé@nother class, called realization
dependence assumption (Pattison and Robbins, 20@Rys a high degree of freedom in
incorporating tie dependencies. Realization depecel@assumptions refer to the assumptions
where two ties are assumed to be dependent comalittm the realization of other ties. Wang
et al. (2009) extended these definitions to two-enoétworks and Agneesens et.al (2004)
incorporated node attribute® two-mode networks. Figure 1l.a and Figure 1.bvipes
examples for the two classes of dependence assumapidr two-mode networks and the

resulting local configurations (neighborhoods).

Legend : Organizations[] Projects O
i i 0
b—o %@% j Tl j
0/ —O —O
A project 2-star A project k-star A four cycle A three path

Ties i and k are dependent

Two-ties sharing the same ~ All ties sharing the same ~ Ties i and k are dependent lestandké
since tie | exists.

project are dependent. project are dependent. since both ties j and | exist.

Figure l.a. Examples to Markov Dependence Figurel.b. Examples to Realization Dependence

ERGM has the following general form (Robins et28lQ7):

PY=y)= (%) exp {Z Mo 9o (y)}
Q

Where the following definitions hold:

e P(Y = y) is the probability of observing a particular netivg.

* xis a normalizing constant assuring the probaégdigiven by this distribution adds

2= (exp ) Mg 9o )

yey Q

up to 1:
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* 7g is the parameter corresponding to the local candiion (neighborhoody).
* go(y) is the network statistic corresponding to the loa@nfiguration

(neighborhood)). In a homogeneous model, for a given type of reghoodQ,

which is a collection of isomorphic neighborhoedsg, (¥) is given by:

9o(¥) = Z 1_[ Vij

qeQ \Y;jeq

Estimating an ERGM means finding the parameteresbhat maximizes the probability of
observing the network of interest. However, thenterin the model includes a summation
over the set of all possible graphs with the saixes svhich is impossible to compute even for
small networks as the cardinality of this set isteinigh. There are two main techniques
suggested to cope with this difficulty: Pseudo-Llitkeod Estimation (Straus and lkeda, 1990)
and Markov Chain Monte Carlo Maximum Likelihood igsition (MCMCMLE) (Snijders,
2002). Geyer and Thompson (1992) state that inscasgeen there is strong dependence
among the ties, PLE may overestimate the dependeareeneters. Similarly, Robins et. al.
(2007) point out to that limitation and argue thla¢ use of this method stems from its
practical convenience but indeed it “does not hapeincipled basis”. They suggest the use of
Monte Carlo method whenever it is possible. Finalfang et. al. (2009) provide empirical
evidence on the performance of the two estimatechriiques for bipartite graphs and
propose that MCMCMLE should be the preferred metioodbipartite graphs.

3.4. Definition of Variables

We defined a total of 12 variables to test the liypsis presented in Section 2. We list and
explain them below and in Table 7 we provide asifastion relating variables to hypothesis

and local configurations (neighborhoods).

L: Total number of edges in the network. This iddad a default variable in ERGM as
it is the smallest neighborhood that makes up worst It may be interpreted as the

average interest by an organization in particigaimresearch consortiums.
* hes_rA: Total number of edges formed by higher ation institutions.
e prc_rA: Total number of edges formed by privatesgnmiises.
* rec_rA: Total number of edges formed by researstitutions.
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corehes_rA: Total number of edges formed by thehdrigeducation institutions

located in core regions.

coreprc_rA: Total number of edges formed by privatgerprises located in core

regions.

corerec_rA: Total number of edges formed by theassh institutions located in core

regions.

Ksa: Alternating organization k-stars is definedira®Vang et. al. (2009) by making

use of the number of organization k-stayg ., () :

n n

g 6% Vi
Gusaley) = ) CDMESEE where gucar, 0 = ). ()
S

k=2 i=1

and A, is the weighting parametefA| =n, i € A, , y;, denote the degree of

organization. In our estimations we used the default valuelgfwhich is equal to 2.

core_tsoA2: Total number of 2 paths centered gept® among organizations located
in core regions. We define a binary variablewhich takes a value of 1 if the

organization € A is located in the core, 0 otherwise. Then:
-

gchore(y) = Z Zyijyrj CiCr

1 n
i=1 r=2 j=1

wherei,r € A, j € P, |A| =n, |P| =m.

L3: Three paths are defined as in Wang et. al. {2069 means of the number of two-

paths (.;-(y)) between a particular organization péiand r):

-1 n m
93(y) = Z Z Ly O,y + v, —2) where Ly, (y) = Z ViV
i=1 r=2 =1

and i,r € A4, j € P,|A| =n, |P| =m,y;, andy,,denote the degree of organization

i andr, respectively.
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Table 7. Summary of Hypothesis and Variable Definitions

Organization with or without attribut|_|

Organization with binary attribut.

ProjectsO

Hypothesisrelated with factors affecting the interest in participation

Statement

Variable Name

Definition

Shape of the L ocal
Configuration

Default hypothesis: Organizations are interested in

participating in research consortiums. L Total number of edges Dio
hes_rA Total number of edges by higher educatistitutions
H1: Organizations W'th _dlf'fe_ren_t organlzatlona!egﬁlffer prc_rA Total number of edges by private instituon
in their interest in participating in research ammisms.
rec_rA Total number of edges by research institstio
corehes_rA Total number of edges formed by thedriglducation institutions located in core regions. . O
H2: Place matter; In organizations Interest inigipeting in coreprc_rA Total number of edges formed by thegigunstitutions located in core regions.
research consortiums.
corerec_rA Total number of edges formed by theares$einstitutions located in core regions.
H3: Organizations tend to increase the number @jepts, . o :?: 1%
but each additional project has costs as well asfiis. Ksa Alternating actor (organization) k-stars o>— D\o
Hypothesisrelated with the deter minants of co- participation decisions
H4: Organizations take partners’ accession to other
knowledge sources into account in giving the deniso L3 Total number of three paths
participate in a research consortium.
H5: Organizations tend to preserve their partnersss Rese.
participations (stability of consortiums) but thésea trade- | Kca Actor centered alternating k-two paths ,Zj.‘.
off between this tendency and the risk of lock-in. S
H6: There is a tendency among organizations lodatedre
regions to participate in the same project (se¢i®e8.2.3 | core_tsoA2 Total number of 2 paths centered aeptsjamong organizations located in core regigns.

for definitions).

H7: There is a tendency among organizations wighstime
institutional type to participate in the same pcbje

instype_match_2pAl

Total number of 2 paths centatgutojects with matching institutional types.

H8: Consortiums tend to have large sizes but eddtianal
member brings additional costs as well as benefits.

Ksp

Alternating project k-stars

18




» Kca: Organization centered k-two paths is defineihaWang et. al. (2009) similar to
Ksa:

r-1 n

Greale V) =2 Y Y {1 - a- —)LZW}

i=1 r=2

where/; is the weighting parameter € A, |A| = n, andL,;.(y) is calculated as in L3.

In our estimations we used the default valuelgfwhich is equal to 2.

* instype_match_2pATotal number of 2 paths centered at projects withtciing
institutional types. We define a categorical vaeap which indicates the institutional

type of the organizatioh € A. Then:

n

gZpinstype(y) = Z zyijyrj Ht; =t}

1
i=1 r=2 j=1

wherei,r € 4, j € P, |A| =n, |P| =m, and | is an indicator function which returns

a value of 1 if the logical statement is true, 8ratherwise.

« Ksp: Alternating project k-stars is defined as imMy et. al. (2009) by making use of
the number of project k-stagg 4, (¥):

m
Gpstar, (¥) Vi
gl(sp(ls:y) Z( l)k& where gpstark(y z ]+

S

And A is the weighting parametdP| = n, j € P, , y;, denote the degree of projgct

In our estimations we used the default valuelgfwhich is equal to 2.

4. Estimation Results and Discussion

There are two types of measures to assess thaygolthe parameter estimates given by the
MCMCMLE procedure. The first one is related to theality of convergence, and the latter
refers to the goodness of fit (GOF). The qualitycohvergence is measured by t-ratios

calculated to check whether the estimate of thamater vectorﬂ&) is capable of producing

a graph distribution centered at the observed nét(wang et. al, 2009). To do that a large
number of simulation iterations are carried outt{ oliwhich the expected value and the
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standard deviation of the graph statistics are agetp(Snijders, 2002). Then, the t-ratios are
calculated by the following formula:

_E9,™]- 9,»
T o(g00l)

Snijders (2002) suggests that the convergence &REBM model is excellent if tq | <0.1;
good if 0.1 q t, | < 0.2; and poor if 0.2 ktq | < 0.3 forv Q.

After arriving at a converged model, the next stefw conduct a simulation analysis to check
how far the center of the graph distribution geteztaby the model is to the observed
network. To do that a number of graph statisticsi¢tv do not only include the ones included
in the model but also some other structural netwatdtistics that might be of interest) are
collected from the simulated graph distribution ahdir t-ratios are computed. For graph
statistics that are included in the model all tashould be less than or equal to 0.1. For the
other statistics, Wang et. al. (2009) acceptsiosagmaller than 2.0 as a heuristic approach.
They also suggest the use of Mahalanobis distahg® as a measure for the distance from
the center of the graph distribution generated ftbenmodel to the observed network. Hence,

a smallerdy; indicates a better goodness of tit, is defined as follows:

dy = (G(Y) — T 27HGC(Y) — )
whereG(y) = [g1(y), 82(¥), ..., 8o(¥)] is the vector of observed network statistigs;=

[W1, M2, .-, 1] IS the vector of corresponding means obtainechbysimulated graphs ads

the covariance matrix.

We conduct all our estimations and goodness-of afftlysis using “BPNet”, which is an
extension of the PNet programme (Wang et. al. 2008) approximates the maximum
likelihood estimate through a Monte Carlo procednesed on Robbins-Monro algorithm.

The results we obtained so far are abridged iné&8lto 10.

Table 8 displays the parameter estimates for thdeingpecifications that have excellently
converged; i.e|tq | < 0.1 forv Q. One of the striking results is revealed by the parison

of Model 1 and Model 2. Model 1 describes the sasfpspecification where ties are assumed
to be independent and the average interest by #r ac engaging in a consortium is

investigated. In this model, the negative and dtiaglly significant parameter estimate for
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means that networks with higher number of edgesearelikely to occur. Model 2, however,
tests the entire hypothesis related to the factffexting the interest in participation. It reveals
that the interest of higher education institutigH&ES) and research organizations (REC). in
engaging in consortiums is higher than that of ubstitutions (PUB), appear to be the
largest group followed by private commercial orgations (PRC), and other types of
organizations Others (OTH); i.e. networks with legimumber of edges by HESs and RECs
are more probable. Furthermore, this interest gbdm for those HESs and RECs located in
the core. Although both models have converged liextly, comparison of GOF results
presented in Table 9 and Table 10 reveal that Mbaliminates Model 2. This indeed points
out a particularity and at the same time a difigudf ERGM in the sense that adding new
types of neighborhoods to the specification doégsaroessarily improve GOF.

Table 8. Parameter Estimates for Converged Specificatidasdard deviations in parenthesis)

Effects Modd 1  Modd2  Modd3  Model4  Model5  Model6  Model 7
. -4.970 -4.466* -5.412 -5.481* -5.418* -5.506* -5.472
(0.022) (0.133) (0.093) (0.095) (0.097) (0.091) (0.102)
hes 1A 0.494* 0.240* 0.389* 0.302 0.497* 0.405*
2 (0.133) (0.093) (0.094) (0.123) (0.118) (0.134)
A -0.027 -0.028 -0.001 0.006 0.056 0.091
pred (0.148) (0.107) (0.099) (0.117) (0.098) (0.127)
rec 1A 0.450* 0.215* 0.318* 0.247* 0.367* 0.325*
S (0.147) (0.096) (0.099) (0.116) (0.097) (0.116)
corehes 1A 0.583* 0.278* 0.275* 0.171%
| (0.084) (0.059) (0.059) (0.102)
corenrc rA 0.107 0.056 0.059 -0.051
epre. (0.116) (0.086) (0.084) (0.117)
corerec 1A 0.371* 0.185* 0.183* 0.074
A (0.120) (0.084) (0.081) (0.114)

K -0.897*

=4 (0.074)
L3 0.005* 0.002 0.004*  0.004* 0.005*
(0.002) (0.002) (0.001) (0.002) (0.002)
Kea -0.005 0.043 0.013 -0.005
(0.039) (0.094) (0.047) (0.053)
core tSoA2 0.036* 0.036* 0.021
— (0.007) (0.007) (0.016)

-0.015 -0.026 -0.025

Tty e Zfp (0018)  (0.021)  (0.022)

* significant at 95% level, ** significant at 90%vel.

Another point to mention about Table 8 is that wad hconvergence problems for
specifications including Ksp and also with Ksa. W@bserved in GOF analysis that
specifications without these terms (Model 3 to Modeare well capable of reproducing Ksp

statistics in the observed network but poorly cépall generating as many Ksa as in the
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network under study (Table 9). This means thatommverged specifications do not allow us

to explain the number of projects in which eachaargation is involved.

Finally, examining Model 3 to Model 7 in Table 8eals that each of these models tests and
validates a different subset of hypothesis. Whiébl& 9 shows that these models perform
similarly and better than Model 1 and Model 2 imgeting a graph distribution that is closer

to the observed one; Table 10 displays that Model6the smallest Mahalanobis distance.

Model 6 tests the hypothesis 1, 4, 5, 6, and 7;andng those it validates hypothesis 1, 4,
and 6. The negative and statistically significaatgmeter estimate for edges imply that
network with less number of edges are more probable positive and statistically

significant parameter estimates for hes_rA andrAeanean that the interest by HES and
REC is different than that of PUB and OTH; and rets with higher number of edges by
HES and REC are more probable. The parameter dstifoalL3 shows that organizations

take their potential partners’ participations imeat projects into account. Hence, networks
with a higher number of three-paths are more prgbdlevertheless, the magnitude of the
parameter is very small. Finally, the positive atatistically significant parameter estimate
for core_tsoA2 implies that organizations locatedhe core tend to participate in the same
project; therefore networks with higher number ofparticipations by organizations located

in the core are more probable.

Examining goodness of fit (GOF) results for Modelvée see that it is well capable of
reproducing a number of graph statistics that ateincluded in the model. Well reproduced
graph statistics include the number of organizaRostars, project 2 stars, project 3-stars,
alternating project k-stars, project centered lathg; edges by HES, PRC and REC located in
the core; standard deviation of the degree didiohuof organizations, and skewness of
degree distribution of projects. However, it poorgproduces mainly two properties of the
actual network. Indeed these properties are to sttent interrelated and poorly reproduced

by the other models as well.

One of the two not-well reproduced properties isstdring and the poor performance of the
model in this respect is reflected by the hightiesaof four-cycles and global clustering. The
other property is the very long and very thin tdithe actor degree distribution with a mass

having a degree of 1. High t-ratios for organizat®stars, alternating organization k-stars,

22



and skewness of degree distribution of organizatjoints out to the failure in reproducing

this property.

Table 9. GOF Results: t-ratios fonajor graph Statisticsfstatistics included in the model in bold)

Effects Model 1 Model2 Model3  Moded4 Modd5 Model6  Mode 7
L 0.013 -0.021 0.032 0.066 0.050 -0.025 0.016
Organization 2-stars 4.649 12.333 0.735 0.897 0.684 0.711 0.727
Project 2-stars -0.551 -0.685 -0.666 -0.719 -0.560 -0.704 -0.647
Organization 3-stars 35.162 63.421 12.331 14.180 12.081 12.801 12.512
Project 3-stars -0.966 -1.118 -1.189 -1.303 -1.029 -1.221 -1.151
L3 2.827 8.345 -0.001 0.076 0.039 -0.030 0.004
Four-cycles 43.028 58.537 23.451 26.634 24.803 23.731 24.261
Ksa -3.823 -0.011 -3.730 -4.090 -3.832 -3.862 -3.796
Ksp -0.024 -0.066 -0.010 0.021 0.012 -0.065 -0.023
Kca 3.315 10.465 0.013 0.082 -0.050 -0.033 -0.008
Project centered k-2 paths -0.992 -1.263 -0.946 -1.025 -0.852 -0.985 -0.929
hes rA 5.444 0.003 0.037 0.092 0.051 -0.042 -0.005
prc rA -5.958 -0.019 0.070 0.035 0.083 0.006 0.017
rec rA 1.712 -0.014 -0.011 0.009 -0.034 -0.026 0.024
corehes rA 8.036 -0.039 0.005 1.138 0.019 1.027 -0.022
coreprc_rA -4.370 0.001 0.078 -0.797 0.052 -0.815 0.041
corerec rA 3.001 0.012 0.012 0.033 -0.031 -0.028 0.019
core tsoA2 3.689 0.864 0.311 0.053 0.395 -0.023 0.018
Instype_match_2pa 1.873 0.133 -0.216 -0.215 0.033 -0.045 0.016
Std dev.of degreedist. of 7.684 18.954 1.260 1.486 1.144 1.280 1.275
organizations

Skewness of degreedist. of 48.351 43.088 29.070 31.270 27.637 30.154 28.521
organizations

Std dev. of degreedist. of -2.400 -2.286 -3.514 -3.527 -3.125 -3.432 -3.428
projects

Skewness of degreedist. of 0.040 0.038 -0.500 -0.652 -0.310 -0.611 -0.491
projects

Global clustering 42.659 42.001 35.292 38.812 37.026 36.127 36.427

* calculated on the basis of 1000 graphs sampledywn interval of 2 million iterations and 100.0@&rations for burn-in.

Table 10. Comparison oMahalanobis Distances

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

dy* 486.1 1139.1 192.4 198.1 209.9 185.9 194.7
* calculated on the basis of 1000 graphs sampladyws) interval of 2 million iterations and 100.0@&ations for burn-in.

On the other hand, the observed number of fouresyol the network is only 431 and the
global clustering is very low (0.046). Similarlyhet share of organizations with a degree

higher than or equal to 3 is 14%. Furthermore aalyais of the components of four cycles
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and organizations with high degrees reveal thatmgoortant part of four cycles are created by
organizations with high degrees, meaning that thessics that are not well reproduced do
not correspond to a very frequent and widely entared behavior in the network. Yet, this

does not eradicate the need for further experimgritt mature this work.

Until now, we have implemented several strategoesriprove the fit in these two aspects.
These include introducing subthemes as projedbatés, introducing time as an attribute
both for projects and organizations (ex: using nmfation on FP calls to introduce project
start times and organizations’ entry time to thiewoek as attributes), introducing the number
of four-cycles (with or without attributes), repiag Kca with tendency to extend co-
participations across multiple projects (projectteeed k-two paths), etc. However, no further
improvements could be achieved via these strategies

5. Conclusions

In this study, we consider that multilateral resbarooperation defines a particular context to
study network formation as organizations get coteteto a number of organizations through
a single decision on joining to a consortium. WHileeh networks are among the main tools
of innovation policies, investigating the mecharsswf their formation is a key issue,
providing us with information on the way knowledddfuses as well as on the factors
hampering this diffusion. Based on the economierdifure on network formation, inter-
organizational collaboration, and proximity dimems; we presented some reasoning to
explain for the formation of these networks. Aseampirical application, based on the data on
proposals submitted to FP7 on a specific sub-themanalyzed a multilateral cooperation
network among organizations using a two-mode remtasion and exponential random graph

models.

One of our objectives was to investigate the heemeity among agents in their interest in
participating in such networks. Although the resulMe obtain are specific to a particular
research, they still suggest a general conclusidha sense that they point out to two types of
heterogeneity sources: institutional types andtlona We consider that the study of the
effects of these two sources in different researglas would yield important results for the

design of relevant public policies.
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Another main objective of our study was to shededight upon the geographical dimension
of the formation of these networks. Neverthelesst work suffered from two basic

limitations: unavailability of regional informatidior non EU countries, and the EC regulation
on minimum conditions on the consortium size argiion of participants. While the former

hindered a more precise exploratory analysis at 88J[Evel; the latter led to the cancellation
of a hypothesis on the effect of co-location onpegticipation. Still, we managed to draw
several empirical results through a core-periphpeyspective. The descriptive analysis
revealed that in 95% of the consortiums there igadt one organization pair located in the
European core countries. The econometric part,, ascecealed some initial results on the

tendency of organizations located in the core tpaxicipate.

Another conclusion that could be drawn from thisdgtis that models which can handle tie
dependence rather than ignoring it suggest aniadditexplanatory capacity. We illustrated
this by using ERGM and testing hypothesis on gtghilf consortium compositions across
projects and the effect of partners’ accessiortherdknowledge sources on co-participations.
Hence, we would like to highlight the high degrefefreedom that is suggested by the
realization dependence assumption (Pattison andbiR®b2002) in studying complex

economic phenomenon.

On the other hand, we would also like to point the limitations in estimating this kind of
models. While, the span of theoretical issues ¢batd be addressed by these models is quite
broad, coming up with a proper specification amiVerg at a converging specification is not
trivial. One of the main difficulties occurs durirtpe Monte Carlo process in specifying
parameter values to produce realizations that ctlverobserved values of the network
statistics (Handcock, 2003). Another major diffiguls that inclusion of more complex local
structures does not assure convergence (Wang. @0H?). Furthermore, as stated in Wang
et. al. (2012), several specifications may conveige they display different capacity to
reproduce the properties of the observed netwarnkkel generalized linear models addition
of parameters does not necessarily improve goodridas

Finally, as we have mentioned several times betbreughout the text, the work we
presented here corresponds to the initial part foagoing study. Like many other
colleagues, in this part we considered the netwmdier study as a single realization in time
as if all actors make all their decisions simultausdy. Obviously, an organization makes
some of its decisions simultaneously, and soméffatrent time instances. To the best of our
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knowledge, Lata and Scherngell (2010) and Ball&©09) addressed this issue for bilateral
cooperation networks with a particular interesttiom geographical dimension. In addition to
that Hanneke et. al., (2010) and Krivitsky et. @010) proposed temporal extensions to
ERGM to study the evolution as a discrete time Margrocess. In this respect, we think that
integrating a temporal aspect to study the evalutiba multilateral cooperation network is

promising.
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