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a b s t r a c t

In this paper we examine how incentives for collaboration shape collaborative behavior and researcher
productivity in the context of EU-funded research networks. EU-funded research networks require
researchers to collaborate as a condition for securing research funding. The presence of research funding,
therefore, may influence collaborative behavior. Our approach involves isolating the effects of funding,
collaboration and previous collaborations (prior to funding) on research output, and examining how the
pattern of collaboration affects research productivity over time. Employing a panel of 294 researchers in
39 EU research networks over a 15-year period we find that while the impact of funding on productivity
eywords:
esearch productivity
ollaboration
U-funded networks

is generally positive the overall impact of collaboration within the funded networks is weak. When we
delineate between pre-, during- and post-funding periods, however, we find some important differences.
During the period of funding, collaboration did not lead to an increase in research production. In the post-
funding period we find that although the number of collaborations decreases within the network, the
impact of collaboration on productivity is positive and significant. Our findings suggest that collaborations

ndin
n im
formed to capitalize on fu
in the short run, may be a

. Introduction

The idea that collaboration between researchers is a laudable
oal is accepted and promoted by many policymakers. EU science
olicy, which aims to foster the “overall advancement of knowl-
dge” and to create a European Research Area (ERA), is focused on
he importance of networks and collaboration as a means to achieve
hese objectives (Commission of European Communities, 2006).
onsequently, EU-funded research networks require researchers to
ollaborate as a condition for securing research funding. The aim of

he funding is to foster both collaboration and to enhance researcher
roductivity. This policy is based on the assumption that the impact
f funding on researcher productivity is expected to derive, at least
artially, from the collaboration among partners.
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048-7333/$ – see front matter © 2008 Elsevier B.V. All rights reserved.
oi:10.1016/j.respol.2008.11.008
g opportunities, while not effective in enhancing researcher productivity
portant promoter of effective collaborations in the longer run.

© 2008 Elsevier B.V. All rights reserved.

Existing research has focused on the effects of collaboration and
funding, but only as independent determinants of research produc-
tivity (De Beaver and Rosen, 1979; Durden and Perri, 1995; Landry et
al., 1996; Arora and Gambardella, 1996; Hollis, 2001; Godin, 2003).
However, the underlying processes linking funding, collaboration
and research productivity are highly complex and are yet to be
conceptualized in a coherent and widely accepted framework.

Collaboration is viewed as playing an important role in enhanc-
ing productivity both through sustaining the process of knowledge
creation and as a means to increase the division of tasks and achieve
scale economies in research activity (Katz and Martin, 1997; Adams
et al., 2005). Existing studies suggest that the effect of collaboration
on productivity depends on the characteristics of the relationship,
which shape the ability and the motivations to share resources
and knowledge among different partners. These studies also high-
light that a condition for effective collaboration is balancing the
integration of new knowledge with the management of existing
relationships (Porac et al., 2004). Therefore, whether the funding

opportunity is able to sustain and/or enhance this balance is an
important issue for policymakers.

Funding is viewed as having a strong positive effect on produc-
tivity because it provides access to research resources rather than
because of its impact on collaboration (Lee and Bozeman, 2005).

http://www.sciencedirect.com/science/journal/00487333
http://www.elsevier.com/locate/respol
mailto:defazio@telfer.uottawa.ca
mailto:andy.lockett@nottingham.ac.uk
mailto:mike.wright@nottingham.ac.uk
dx.doi.org/10.1016/j.respol.2008.11.008
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t is unclear, however, whether the impact of funding on research
ollaboration improves researcher productivity.

In order to understand the relationship between collaboration
nd productivity we need to account for two different effects.
irst, we need to consider the impact of collaboration on produc-
ivity. Second, but contemporaneously, we need to consider the
mpact of funding on collaboration, which may depend on the
haracteristics of the collaborative relationship at the moment the
artner receives the funding. Consequently, it is not possible to
xamine how research funding influences the relationship between
ollaboration and productivity without taking into account how
ollaborative structures change over time, including the pre-
unding and post-funding periods. To date, these issues remain
nresolved.

In this paper our contribution is to analyze the effectiveness
f collaborative structures in the context of EU research networks
y examining the relationship between research collaboration and
esearch productivity when funding is a moderating factor. Our
pproach addresses the limitations of existing research in two
ays. First, we develop a model that isolates the effect of funding

s an opportunity to gain resources from its effect on researcher
roductivity through collaboration. Second, we account for how
atterns of collaboration evolve and affect researcher productivity
ver time.

Our paper is organized as follows. Section 2 outlines the policy
ontext. Section 3 reviews existing research into the determinants
f research productivity and the underlying factors that shape the
mpact of collaboration on productivity. We present our analytical

odel in Section 4. Section 5 outlines data and methods. Section 6
resents our analysis. Finally we conclude.

. Policy context

The Framework Programs for Research and Technological Devel-
pment (Framework Programs) are funding programs created by
he EU to support and encourage research in European countries
nd to create the European Research Area. The detailed objectives
nd actions vary from one funding period to another depending on
ifferent EU Framework Programs. However, the strategy adopted
or supporting the development of modern research in a global
nvironment has not changed over time. All EU Framework Pro-
rams are rooted in the idea that high level research can be achieved
hrough organizing and strengthening co-operation at different
evels, through networking teams and increasing the mobility of
ndividuals and ideas. Collaboration is viewed as being particu-
arly important because high level research is increasingly complex,
nterdisciplinary, costly and requires (an ever increasing) critical

ass to be conducted effectively.
Since the first Framework Program (1984–1987), EU funding cri-

eria explicitly require, as a pre-requisite for accessing the selection
rocedure, researchers to be self-organized into a collaborative net-
ork. However, they are not required to have established prior

ollaborations. In this respect, each network may include part-
ers who have already worked together prior to gaining funding
nd those who have not. Therefore, a funded network only defines
formal structure of collaboration, it does not imply any pre-

unding linkages among the partners. The scope of EU-funded
esearch networks is to combine scientific and technological assets,
nd to create the conditions for different stocks of specialized
nowledge to be transferred across organizations, research groups,
nd countries (Porac et al., 2004). The purpose of the network is

o facilitate the sharing of research resources and, as a formally
rganized and coordinated structure, to sustain knowledge shar-
ng among partners. The aim of the funding is to enhance the
esearch potential of participants through the benefits of collab-
ration.
icy 38 (2009) 293–305

The interaction between partners in a funded network may nev-
ertheless imply different forms of resource and knowledge sharing.
Partners in a network may share knowledge through seminars,
workshops and conferences and by working together on a research
project. As a consequence, their collaboration may include both tan-
gible outputs such as books, patents and articles, and intangible
benefits from the interactions. Moreover, the interaction may result
in different forms of collaboration that include either strengthen-
ing past relationships or creating new ones. Each funded network,
therefore, may have different characteristics in terms of the history
of the relationships among partners and motivations to collabo-
rate. These characteristics may influence the effectiveness of the
collaboration and the potential impact of the funding.

3. Determinants of researcher productivity

Interest in the determinants of researcher productivity dates
back to the 1920s and the work of Lotka (1926). Researchers
attempting to explain research productivity have focused on a range
of factors including: individual researcher characteristics, the aca-
demic environment, dynamics of academic careers, the reward
system of science and, more recently, on patterns of collaboration.
We review these different explanations of researchers’ productivity
below.

3.1. Traditional approaches to research productivity: individual
level and research system reward structure

An early explanation of differences in researcher productivity
was that it could simply be a reflection of the substantial predeter-
mined differences among scientists in terms of their natural ability,
motivations, and “inner compulsions” to solve the research puzzle
even in the absence of external recognition (Cole and Cole, 1973).
This hypothesis, known as the “sacred spark” hypothesis, has not
provided a compelling explanation for the differences observed
in researcher productivity (Allison and Stewart, 1974; Fox, 1983;
Stephan, 1996; David, 1994). There is no clear evidence to suggest
that abilities are distributed as unequally as publications across
scientists. Moreover, even if predetermined differences among indi-
viduals could explain some differentials in research performance,
they cannot explain increasing differences over the careers of
cohorts of scientists (Stephan, 1996).

More recently, scholars have investigated the impact of
researcher experience and the characteristics of their working envi-
ronment on researcher productivity (e.g. the quality of graduate
training and the reputation of institutional affiliation). Empirical
results based on samples of U.S. researchers and institutions con-
sistently support the positive role played by graduate pre-doctoral
training (Reskin, 1977; Long et al., 1979; Chubin et al., 1981) and the
prestige of the institution in explaining differences in researcher
productivity (Long et al., 1979; Long and McGinnis, 1981). Fur-
thermore, scholars have examined the productivity differences
stemming from life-cycles of researchers. These studies typically
examine how individuals invest in their human capital over time
(Levin and Stephan, 1991; Allison and Stewart, 1974). Following this
approach, Levin and Stephan (1991) found that after controlling for
individual fixed effects, such as ability and motivations, publishing
activity declines with age.

Departing from the analysis of individual differences, sociolo-
gists have examined the impact of social structures on research
activity, focusing on the role of reward systems in influencing

researcher productivity. They argue that the recognition and val-
idation of a researcher’s contribution to their field, as accorded by
scientific peers, are crucial determinants of research productivity.
The “Matthew effect” refers to a problem of misallocation of credit
for scientific work, where eminent researchers receive more credit
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how they change over time. We are interested in whether or not col-
laboration within the funded networks influences the productivity
of researchers (in terms of their publication output), after control-
ling for the effect of the funding. Our approach, as outlined below,

3 As a condition for accessing the funding, the network should include at least five
different institutions from at least three different countries.

4 For some research projects, funding support includes the reimbursement of the
costs of the project including the cost of managing the project, the cost for durable
equipment, and all personnel costs for those involved in the project, including their
D. Defazio et al. / Resear

han lesser known researchers, even if their work is similar, due to
he nature of the reward system (Merton, 1968). Recognition early
n a scientists’ career may be reinforced over time as it will facili-
ate better access to research resources, grants, laboratories, etc., i.e.
ny advantage will be cumulative. Empirical studies of the effect of
umulative advantage suggest a positive link between past recog-
ition (both in term of quantity and quality of publications), key
esources and research productivity (Cole and Cole, 1967; Gaston,
970; Blume and Sinclair, 1973; Allison and Stewart, 1974; Reskin,
977).

.2. Productivity and collaboration

Collaboration and networking have been argued to have a pos-
tive impact on researcher productivity (Mellin and Persson, 1996;
atz and Martin, 1997). Collaboration enables researchers to bring

ogether different sets of knowledge and cognitive approaches
Stephan, 1996). The interaction between researchers is expected
o lead to the creation of new knowledge (Nahapiet and Ghoshal,
998), which in turn will enhance researcher productivity. A ten-
ion exists, however, between the need for breadth and depth in
ollaborative relationships (Uzzi, 1997; McFadyen and Cannella,
004). The greater the number of collaborators in a network, the
reater will be the opportunity for a researcher to access a variety of
omplementary knowledge and skills. Conversely, embedded rela-
ionships allow researchers to establish norms and routines that
an facilitate collaboration and knowledge transfer throughout the
etwork.

Empirical evidence on the relationship between collaboration
nd researcher productivity indicates the following. First, there is
positive relationship between the number of collaborations and

esearcher productivity (Pravdic and Oluic-Vukovic, 1986). How-
ver, McFadyen and Cannella (2004) suggest that this relationship
s subject to diminishing marginal returns. In addition, Porac et
l. (2004) find that the effects of heterogeneity from collaboration
re temporal and diminish over time. Second, the duration of col-
aboration is positively related to researcher productivity (Porac
t al., 2004). Focusing on researcher performance in two multi-
niversity research networks funded by the U.S. government, their
esults show that, in the long run, researcher productivity increased
n both networks although the increase was higher for the more
eterogeneous network.

.3. Productivity, funding and collaboration

There is ample evidence across empirical studies that research
rants for individual researchers have a positive effect on individ-
al productivity (Lee and Bozeman, 2005; Stephan, 1996); although
he intensity of this impact varies depending on the stage of the
areer (Arora and Gambardella, 1996) and the amount of fund-
ng (Godin, 2003). An exception is the analysis of Gaugham and
ozeman (2002), where funding was not significantly related to an

ncrease in publications. Also, many studies indicate that funding
riented towards research teams increases collaboration (Katz and
artin, 1997; Arora et al., 1998; Adams et al., 2005). Conversely,

he impact of funded collaboration on research productivity is less
lear. One exception is the work of Arora et al. (1998) who found
hat while funding for research groups decreased team productivity,
ollaboration would not have occurred without the funding. Their
tudy supports the view that the funding opportunity is a strong
otivator for collaboration. Due to the cross-sectional nature of the

odel, the authors could not directly identify how initial productiv-

ty advantages accumulate over time and affect group productivity
uring the funding and post-funding stages. Two methodological

ssues need to be addressed if the effects of funding and collabora-
ion on researcher productivity are to be disentangled.
icy 38 (2009) 293–305 295

First, is the extent to which the impact of collaboration on
researcher productivity is related to increasing co-authorship and,
consequently, to what extent it depends on other forms of knowl-
edge and resource sharing associated with the funding. In a recent
study, Lee and Bozeman (2005) analyzed the relationship between
research grants, collaboration, and researcher productivity using a
sample of researchers from science and engineering. Modeling the
grant as a mediating factor between collaboration and researcher
productivity they analyzed the impact of funding on collaboration
and the impact of funding on productivity, but omitting to consider
the impact of funded collaboration on researcher productivity. Their
results indicate that funding is positively related to productivity and
collaboration. Nevertheless, whether and how the relatively lesser
impact of funding on collaboration consequently affects researcher
productivity is not clear from their study.

Second, is the impact of pre-funding relationships on researcher
productivity. In particular, it is important to identify the extent to
which the effect of collaboration on productivity is due to funding
or merely to the pre-funding trend in collaboration. Although fund-
ing may add value, and may allow researchers to continue existing
collaborations that otherwise could have been more difficult with-
out funding, it cannot be assumed that the funding necessarily
enhances researcher productivity.

The following section develops a framework to analyze the
effectiveness of EU-funded research networks that addresses these
issues.

4. Analytical model

A central aim of EU research policy involving the funding of
research networks is to promote collaboration between researchers
across different EU countries.3 The networks are expected to pro-
vide the opportunity for researchers to access and integrate a wide
variety of knowledge in order to facilitate the creative process
and enhance productivity. For purposes of this study we focus on
collaboration within a restricted group of researchers who for-
mally constitute a funded network only after their projects were
funded by the EU.4 All researchers in our sample were awarded
the same EU grant, and hence, are similar in terms of reputational
status and research excellence. In the absence of a control sample,
this creates a potential selection bias problem. Consequently, past
performance becomes a relevant variable in our analysis for two
reasons. First, past performance may affect current performance
due to the “cumulative advantage” hypothesis. Second, past per-
formance defines the level of reputation required to attract public
funding. As long as the funding agency bases its selection criteria
on researcher reputation, which is a function of past research per-
formance, it follows that past performance is part of the selection
bias.

The central aim of our research is to examine the relationships
between funding, collaboration and researcher productivity, and
travel and subsistence (for example, projects promoted within the EURATOM pro-
gram or in the field of Biotechnology). Other forms of support provide the funded
partners of the network with a grant up to 100% of the cost for hiring researchers in
the early stage of their career, for organizing conferences and meetings that involve
the other partners of the network (this is the case for the Research Training Network
Program).
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nvolves controlling for fixed effects (skills, country and scientific
elds), a range of covariates, including whether there was collabo-
ation within the network before the funding and past performance.
odel 1 is our base model, in which we jointly estimate the effects

f funding and collaboration on researcher productivity over the
5-year period of our study. Model 2 is our full model, in which
e split the collaboration variable into three periods: pre-funding,
uring- and post-funding.

.1. Model 1: the base model

In our base model, the relationship between funding, collabo-
ation and research productivity, taking into account fixed effects
nd past publication performance, is given by Eq. (1):

ublit = ˛P(Pubi,t−1) + ˛T (Publi,t−2) + ˇRRel it,1 + �CCountry

+ �F Fundit+�Y Years + ˇT Trend+ˇEExposit+(�i + εit) (1)

here: i = 1, . . ., N; t = 1990, . . ., 2004; and i denotes the cross-
ectional unit and t the time period.

The frequency distribution of the dependent variable (Publit) is
eft-skewed so we log transformed it to normalize the distribution.
ence, Publ is the logarithm of the number of publication per year
er researcher (Publi,t−1) is the logarithm of the number of publica-
ions produced in the previous year and (Publi,t−2) the publications
roduced 2 years before. The variable Relit identifies the collabo-
ative pattern of each researcher in the network during the whole
eriod, from 1990 until 2004. This variable identifies the overall
ffect of collaboration in the funded network, including the pre- and
ost-funding period, when the network can be seen only as an infor-
al structure. The variable Fund is a dummy specifying the period

uring which each researcher received funding. Years is a dummy
ariable for each year from 1990 to 2004 and Trend captures the
ffect of the passing of time. Expos is a variable for the length of the
unding period. Country dummies include a range of dummy vari-
bles for the major scientific countries and also smaller countries
y region. The equation also includes two stochastic disturbance
erms: �i captures all unobserved time constant factors that affect
he dependent variable (Publit) and is thus related to the unobserved
eterogeneity of the individuals; while εit is the idiosyncratic error,
r time-varying error, and represents the unobserved factors that
hange over time and affect Publit.

.2. Model 2: full model

Existing research indicates that funding is a strong motivator of
ollaboration (Katz and Martin, 1997; Arora et al., 1998). If EU policy
s effective in promoting collaboration we would expect to see an
ncrease in researcher productivity, both during- and post-funding.

e address this issue in Model 2 and examine whether or not
he relationship between collaboration and productivity changes
efore, during and after the funding period.

As noted above, in our policy context the funding agency did
ot require network partners to have any existing collaborative
elationships, as evidenced by joint publication, in the pre-funding
eriod. Although one of the selection criteria was the “quality of the
ollaboration”, its assessment relates to the clarity with which the
unding proposal articulated that “the collaboration will be mean-
ngful, interactive and mutually beneficial for the researchers taking
art” and there would be a “convincing explanation of how any less
xperienced teams will be integrated into the project” (Commission

f the European Communities, 1996; European Commission, 2000).
here networks were formed to attract funding, in the absence

f pre-funding collaborative relationships (i.e. no joint publica-
ion output), it may take longer to achieve effective collaborations
hen compared to networks with pre-funding collaborative rela-
icy 38 (2009) 293–305

tionships (i.e. joint publication output). Members will need to build
trust in order to exchange knowledge effectively (Uzzi, 1997) and
new collaborations are difficult to create and manage (Landry and
Amara, 1998). Moreover, the requirement in EU projects for part-
ners to be drawn from multiple different countries may exacerbate
any potential problems and reduce the effectiveness of the net-
works in enhancing knowledge creation and sharing (Luukkonen
et al., 1992; Katz, 1993). Consequently, the impact of collaboration
on researcher productivity may be influenced by the existence of
pre-funding collaboration.

We are also interested in during- and post-funding effects of the
collaborative activity. The policy objective was to foster collabora-
tion through funding, the aim of which is to enhance researcher
productivity. Funding may be a key input into helping build more
effective collaborations, which is especially important given the
international nature of the collaborations. If funding helps to build
more effective relationships between researchers, which may take
time to achieve, we might expect to find the effect of collaboration
to be strongest in the post-funding period.

In Model 2 (see Eq. (2)) we split the collaboration variable into
three elements: collaboration prior to the funding (Pre rel), col-
laboration during the funding (Fund rel), and collaboration after
the funding (Post rel). By doing so we are able to examine the
impact of funded collaborations on research output more precisely
by controlling for the pre-funding effect of collaboration within the
informal network.

Publit = ˛P(Pubi,t−1) + ˛T (Publi,t−2) + ˇA(Pre relit) + ˇF (Fund relit)

+ ˇP(Post relit) + �CCountry + �F Fundit + �Y Years

+ ˇT Trend + ˇEExposit + (�i + εit) (2)

where: i = 1, . . ., N; t = 1990, . . ., 2004; and i denotes the cross-
sectional unit and t the time period.

5. Data and method

In this section we describe the data, method and measures
employed for the empirical analysis.

5.1. Data

Our empirical context is the research networks funded under
the Research Training Network Program (RTN) of the 4th EU Frame-
work. According to the requirements of the RTN program, a network
is composed of at least five institutions (public and/or private)
belonging to at least three different EU countries. In order to min-
imize bias related to field specific behaviors we selected only
networks funded in the chemistry sector. We selected this sector
for three main reasons. First, after physics, chemistry is the most
important field in terms of the number of projects funded in the RTN
program. Second, chemistry is a field where bibliometric analysis
is applicable since international refereed journals play an impor-
tant role in communicating results by the research community (Van
Raan, 2004). Third, as we were interested in the potential role of
industrial partners as collaborators in funded research networks,
we chose chemistry because it is a field where there is connectivity
between academia and industry.

We recognize, however, that chemistry differs from other fields
both in terms of the extent of collaboration and productivity. In rela-
tion to the extent of collaboration, the number of co-authors per

paper in chemistry is less than in many other fields such as med-
ical science, bioscience, biology and biomedical research (Mellin
and Persson, 1996; Glänzel, 2002; Newman, 2001). On the con-
trary, publishing productivity has been growing at a higher rate
in chemistry compared to other fields (Braun et al., 1995; Okubo et
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l., 1998; Glänzel, 2002). Collaboration is not automatically asso-
iated with higher productivity at the level of individual authors.
länzel (2002) also shows that the increase in productivity with
ollaboration follows a different pattern in chemistry compared to
iomedical science and mathematics. In biomedical science pro-
uctivity tends to peak with around six co-authors, in mathematics
he peak is at one to two co-authors while in chemistry produc-
ivity peaks with three or four co-authors. Hence, an additional
eason to select chemistry is that the lower incidence of collab-
ration may provide more scope for effective policy support for
esearch networks. The presence of a high publication output in
his discipline underpins our choice of this measure as the most
ppropriate means of identifying effective collaboration.

The funded projects considered in this analysis, were all clas-
ified as projects in the chemistry sector by the EU. This includes
esearch projects in different sub-fields. Analyzing the subject fields
f publication of all the partners involved in the network, we found
hat most publications were concentrated in the sub-fields of mul-
idisciplinary chemistry, physical chemistry, physics (atomic and

olecular), inorganic and nuclear chemistry, organic chemistry,
iochemistry and polymer science. Moreover, we found that most
f the papers published by partners belonging to the same network
ere concentrated on average within 2–3 sub-fields.

In total there were 39 funded networks in chemistry, involv-
ng 296 senior researchers. We included all principal contractors
nvolved in the projects.5

The data relating to networks and their partners were drawn
rom the Cordis database. Cordis includes the list of the projects,
he senior researchers in charge of each project funded by EU (other
esearchers participating in the project but funded by other insti-
utions are excluded) and their affiliation.

The funding period varied in terms of starting date and duration
cross the networks. In terms of start dates there are three distinct
roups, which were approved by different rounds of funding. The
rst group which includes 14 networks formally started its activi-
ies between July 1996 and October 1996. The starting period of the
econd group, which includes 10 networks, was between November
997 and December 1997. Finally, a third group includes 15 net-
orks of which 14 began between March and May 1998 and one

hat began from December 1998. The duration of the projects var-
ed from 48 to 60 months. In total 27 of the 39 networks lasted
8 months, 11 were funded for a 60 months period and 1 for 53
onths.
An important consideration in our analysis was the potential

mpact of a time delay between conducting research and publica-
ion of the results. Time delays are a function of both the set-up
nd coordination of the collaborative research activity, and of the
eview and publication process. We found that the publication delay
n the field of chemistry varied from 8 to 18 months. In order to
ssess the magnitude of time delays including also the time to set
p the project, we contacted a sub-sample of 15 networks.6 We
ound for this sub-sample that it was rare for articles to be pub-
ished within a few months from the starting period. Given this
ublication delay, we assume that articles published in the same

ear, or 1 year after the formal start of the project, are likely to be
he output of a pre-funding research activity.

We also observed that many publications were in press, just
ubmitted or in preparation at the end of the funding period. This

5 Two of these networks include among their partners industry practitioners who
ave no publications during the 15 years window.
6 We attempted to obtain this information directly from all network coordinators.

his approach was problematic because it was not possible to establish a direct
ontact with all network coordinators. In addition, even when we could access the
fficial document (the Final Report) reporting the research activity and output of
he network, a substantial number of publications were still under submission.
icy 38 (2009) 293–305 297

suggests that some articles will still be published in the 2 years fol-
lowing the end of the project. Therefore, we assume a 2 year time
delay from the starting year of funding in order to account both
for the period for setting-up the networks and the project and the
delay in publication. Our funding period, therefore, does not iden-
tify the formal start and ending date of the funding but refers to the
period in which the output of those funded researchers could be
considered to be funded.

Data on publications were collected from the ISI Thompson-Web
of Science database. For each senior researcher we collected all arti-
cles published (in English) over a period of 15 years (from 1990 until
2004). Finally, we collected the CVs of principal contractors pub-
lished on their institutional websites. We were unable to collect the
same information for all principal contractors but we used the infor-
mation on age and position for a sub-sample where information was
available. This information guided us in making assumptions about
publication trends and age effect. The final database contains a total
of 23,649 articles published over 15 years by the 294 researchers.
Table 1 presents the number of publications relating to the different
researchers belonging to the three groups of networks before the
funding and during the funding.

5.2. Method

To estimate both models we used the Arellano-Bond estima-
tor for dynamic panel data (Greene, 2003) in its revised version
by Blundell and Blond (Baltagi, 2002). The choice of estimator was
driven by the opportunity to specifically control for the issues of
heterogeneity and endogeneity that could affect scientific produc-
tion.

The issue of heterogeneity emerges because scientific pro-
duction is likely to be affected by systematic differences among
individuals related to talent, skills, ability, etc. Endogeneity is a more
complex issue, given that it can arise from the correlation of var-
ious dependent variables and the error terms. In the case of past
papers production (Publi,t−1; Publi,t−2), endogeneity may arise from
its correlation with the individual specific time-invariant effects
(ex.: invariant skills) �i. Correlation may also exist between collab-
oration Relit and the time variant error term εit. This can occur if
the level of collaboration in the network is linked for example to
the stage of the career of the researcher. In that case, this (omitted)
variable would affect both productivity and also the opportunity
to collaborate. Scientists in the late stage of their career could in
fact have a higher experience in publishing scientific papers and
also a higher level of attractiveness, because of their reputation, as
collaborators for the other partners in the network. This specific
issue is addressed by the Generalized Method of Moments (GMM)
and more in particular by the Blundell–Bond estimator (Blundell
and Bond, 1998). This estimation approach, also known as “system
GMM”, is considered to be more efficient than other GMM esti-
mators because it allows the use of additional instruments which
improve the estimation.7

Both models are estimated using the same set of instrumental
variables (GMM and IVs). These include a set of exogenous and a
set of endogenous instruments. The dummy variable for the fund-
ing period (Fund), the Trend variable and Expos are considered as
exogenous and instrumented in IV-style. To this must be added
the variable Rel lagged three and four periods. Finally we used

the lagged values of the dependent variable as endogenous instru-
ments.

We employ the two-step variant of linear GMM for standard
errors estimation. As two-step estimates of the standard errors

7 The set of instrumental variables includes the lagged levels and the lagged first
differences of predetermined and endogenous variables.
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Table 1
Articles published before and during the funding.

Researchers
involved

Pre-funding perioda Funding periodb

Total number of
publications

Average number of
publications per
year per net

Average number of
publications per
year per res.

Total
publications

Average number of
publications per
year per net

Average number of
publications per
year per res.

Group 1
48 Months 90

7298 57.92 13.37
2931 73.27 9.22

60 Months 21 1172 58.6 8.15
Total 111 4103 65.93 8.69

Group 2
48 Months 50 4746 47.46 7.46 1649 52.47 8.19
60 Months 20/19* 1230 82.00 13.42
Total 70/69 4746 47.46 7.46 2879 67.23 10.61

Group 3
48 Months 73 7805 47.18 6.47 2251 56.75 7.78
60 Months 40 1388 69.40 8.85
Total 113 7805 47.18 6.47 3639 63.07 8.31

*
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One of the partners was dropped from the panel in 1999.
a Group 1 (1990–1998). Group 2 (1990–1999). Group 3 (1990–2000).
b Group 1: 48 months (1999–2002), 60 months (1999–2003). Group 2: 48 month
onths (2001–2004).

end to be severely downward biased, we performed the estimation
ncluding the finite sample correction to the two-step covariance

atrix derived by Windmeijer which make the “two-step robust”
ariant of the estimation more efficient than the “one-step robust”
ne.

.3. Measures

A definition of all variables used in the study, along with com-
ents regarding their economic interpretation is presented in

able 2.

.3.1. Dependent variable
Research productivity—Researchers widely agree that although

t is not the only measure of research output, a count of pub-
ications in peer-reviewed journals is the best measure for two

ain reasons (David, 1994). First, it represents a tangible output
f research activity in academia. Second, publications play a cen-
ral role in the reward system of science where recognition and
esearchers’ material rewards are linked to the disclosure of their
ndings throughout publications (Van Raan, 2004). Consequently,
ifferent studies show that peer assessment of researchers’ activ-

ty (included the case of applicants for research grants) is strongly
elated to their publication count (David, 1994). Therefore, as a mea-
urable indicator of the research output, we employed the number
f publications per researcher per year. In addition to the normal
ount of the number of publications per year we also included,
s dependent variable, the fractional or adjusted count of publica-
ions. The fractional measure accounts for the number of co-authors
n individual has on each paper. Thus, if a paper is written by n
o-authors, each author would be assigned 1/n.

The frequency distribution of the cumulated number of publica-
ions from 1990 until 1996 is presented in Table 3. Only 3.25% of the
ample had not published an article in a peer-review journal before
he funding. Table 1 describes the distribution of publications in
he pre-funding period and during the funding as defined earlier in
ection 5.1. It shows that the average number of publications per
esearcher per year and per network increased during the funding

eriod for the networks of group 2 and 3 as compared to the pre-
unding period. Conversely, for the researchers included in group
, the number of publications per year per researcher decreased in
he funding period, though the publications per network per year
ncreased.
0–2003), 60 months (2000–2004). Group 3: 48 months (2001–2004). Group 4: 60

5.3.2. Explanatory variables
5.3.2.1. Collaborative pattern. In order to measure the structure of
collaboration we grouped all researchers by their funded network
and then constructed an adjacency matrix indicating the existence
or inexistence of collaboration between each pair, within each net-
work, for each year from 1990 until 2004. Researchers collaborate
in different ways; knowledge sharing and knowledge transfer may
occur through formal and informal meetings and may range from
simple advice to a commitment to a joint research project. Some
collaborations may not produce any tangible outcome while others
may involve a publication, as such not all forms of collaboration are
easy to measure over time; indeed as noted below, we were unable
to obtain data on informal collaboration. Accordingly, we measure
collaboration in terms of whether or not two researchers have co-
authored a paper. Although collaboration may take a number of
forms, a key outcome is a co-authored paper. In order to measure the
degree of collaboration of each partner within the network, we then
calculated the degree of centrality for each partner in the network
for each year. We measured the degree centrality as the number of
ties or links each researcher has in the network (Wasserman and
Faust, 1994). Degree centrality is here used to measure the individ-
ual level of collaboration as proxy for knowledge sharing and for
the opportunity to access diverse resources. As our dataset includes
networks of different size, we standardized the degree centrality for
the size of the network (number of members of the network) less
one. The measure of degree centrality, and hence, collaboration and
knowledge sharing experience is given by:

Cij = Rij

nj−1

where R is the number of different co-authors with whom the
researcher i has collaborated in the network j, and n is the number
of partners of the network j (size of the net). This measure of collab-
oration as the number of different interactions in the network (and not
as total number of co-authored publications of each researcher with
his network partners) avoids the problem of potential correlation
between the variables measuring collaboration in the network and
the number of publications (the dependent variable).
We then used this measure of collaboration (degree centrality)
to assess the average impact over time of collaboration, and for
determining the impact of collaboration in the three different peri-
ods: pre-, during- and post-funding. In summary the variables used
to assess the role of collaboration are:
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Table 2
Definition of variables included in the estimation.

Symbols Description of the
variable

Economic interpretation

Dependent variable
Yit = (ln)Publ Number of publications

per researcher i, at time
t.

Proxy accounting for the
quantity of knowledge
produced by each
researcher along time.

Independent variables
Explanatory variables
Rel it Number of different

relations of
co-authorship within
the network for each
individual i, time t.

This variable catches the
effect of collaborating in
the network. The
number of different
relationship
(co-authored
publication) is a proxy of
the interaction with a
“variety of knowledge”.

Pre relit Number of different
co-authorship relations
in the network in the
pre-funding period.

This variable measures
the impact of
collaboration within the
network, through access
a “variety of
knowledge”, in the
pre-funding period.

Fund relit Number of different
co-authorship relations
during the funding
period.

This variable measures
the impact of
collaboration within the
network, through access
a “variety of
knowledge”, during the
funding period.

Post relit Number of different
co-authorship
relationships after the
funding period.

This variable measures
the impact of
collaboration within the
network, through access
a “variety of
knowledge”, in the
post-funding period.

Fund Dummy variable
assuming value 1 if the
year of reference for
publication falls into the
funding period.

This variable identify
whether the funding
period is particularly
relevant in explaining
the quantity of
publications produced.

Control variables
(ln)Publi−1t Lagged values of the

dependent variables, i.e.
number of publications
produced 1 year and 2
years before the year of
reference.

This variable controls for
the effects on
production due to the
past, in this sense it
incorporate the idea of
the Matthew effect and
for the level of
reputation acquired.

(ln)Publit−2

Y 90; Y 91; . . .; Y 04 Dummy variables for
each year.

It controls for the impact
of eventual shocks
exogenous (exp. funding
period) along time and
in particular years.

Expos Exposure to the
program.

It takes into account the
number of years the
researchers has been
“exposed” to the
funding.

Trend Variable that account for
the trend in time.

This variable control for
the life-cycle
performance.

Country dummies: Great
Britain, France,
Germany, Central
Europe, North Europe,
South Europe and
Residual

Dummy variables for the
3 major scientific
countries and also
country groupings.

These variables control
for the geographic
location of the
researcher.

Table 3
Cumulated number of publications before the funding (1990–1996).

Frequency class % of the sample

(

0 3.25
1–50 65.33

51–100 24.19
101–211 7.23

(i) Rel , collaborative pattern for the entire 15 years;
(ii) Pre rel, collaborations in the pre-funding period;
iii) Fund rel collaborations during the funding period;

(iv) Post rel, collaboration in the post-funding period.

In the second stage of our analysis, Model 2, the pre-funding
structure becomes a control variable. Descriptive statistics related
to collaboration in the networks are presented in Table 4. In par-
ticular, they show that on average collaboration increases during
the funding period and then decreases again after the funding. To
illustrate the evolution of the publication networks we provide
a graphical representation of Networks 5 and 7 in Figs. 1 and 2,
respectively. During the pre-funding period Network 5 had two
collaborative relationships (Fig. 1a), which increased during the
funding period (Fig. 1b) before tailing off again in the post-funding
period (Fig. 1c). Post-funding links comprise a co-authorship
between original partners and a relationship created during the
funding. In contrast, during the pre-funding period Network 7
already involved a network with six interlinkages (Fig. 2a), which
increased during the funding period (Fig. 2b). In the post-funding
period the linkages became two collaborative relationships involv-
ing reconfigured arrangements between the original partners and
partners met during the funding (Fig. 2c).

5.3.2.2. Funding dummy. In order to test for the general impact of
the program we define a dummy variable which assumes a value
of one during the funding period and a value zero before and after
the funding. As the relational pattern of collaboration is specified
in the model, this variable represents the impact of the funding
when the principal contractors of the network share knowledge
and resources but are not involved in co-authoring papers.

It is worth noting that, because the starting period of the funding
is different for the different groups of networks, the dummy variable
does not take the value one at the same time for all the researchers
included in the panel. For some of them (researchers in group 1)
it takes a value of one from 1999; for the researchers included in
group 2, the dummy takes a value of one from 2000 and finally, for
researchers in group 3 it takes a value of one from 2001. The length
of period for which this dummy variable takes a value of one varies
according to the length of time each network was funded. Thus only
during the years 2001 and 2002 were all researchers in the panel
identified as being funded.

5.3.3. Control variables
5.3.3.1. Path dependency and cumulative advantage (Publt−1 and

Publt−2). If the allocation criteria used by funding agencies are
based on the reputation of the researchers, the past could have
a strong impact on present publication activity. The cumulative
advantage effect may affect the actual level of scientific produc-
tion by researchers, independently from the incentives given by

Table 4
Numbers of relations (co-authoring) within the network by periods.

Observations Mean Standard deviation Min Max

Pre-funding 2942 0.361 0.704 0 6
Funding period 1217 0.780 1.103 0 6
Post-funding 251 0.486 0.734 0 3
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ig. 1. Network 5 (a) pre-funding (1990–1998) co-authorship links; (b) funding
1999–2002) co-authorships links; (c) post-funding (2003–2004) co-authorship
inks.

he funding (Arora et al., 1998). Therefore, we employ lagged val-
es of the dependent variable, i.e. the number of publications per
esearcher per year in peer-reviewed journals, to control for any
umulative advantage effect. The past number of publications is, in
his framework, a proxy for both past recognition and the stock of
ast knowledge.

.3.3.2. Collaborative pattern within the formal network before the
unding (Pre rel). This variable captures the effect of collaboration
n researcher productivity in the pre-funding period.

.3.3.3. Trend. In order to capture the effect of time on publication
erformance we introduce a trend term. Studies focusing on the
elationship between researcher productivity and age indicate that
roductivity decreases with age as academics move toward the end
f their career (Levin and Stephan, 1991).

The trend in scientific publication is used to infer the stage of the

areer life-cycle of the researchers in the panel as a relevant dimen-
ion for interpreting their scientific performance. We can infer the
tage of the career life-cycle of the scientists included in the sam-
le from their past publication performance and from their role

n the funded network. The researchers considered for the analy-
Fig. 2. Network 7 (a) pre-funding (1990–1998) co-authorship links; (b) funding co-
authorship links (1999–2002); (c) post-funding (2003–2004) co-authorship links.

sis have already published at the moment of receiving the grant
(see: Table 3) and each of them is a principal researcher (institu-
tionally representing a node) of the network. Moreover, based on
a sub-sample of researchers where information was available we
observed that their age ranged from 31 to 57 in 1990 (starting year
of the study). As a consequence we expect that the researchers in
the sample are mainly senior researchers (40s and early 50s) and so
are either at the growing or declining stage of their research career
at the moment of the funding and would likely be at the peak or
toward the end of their career in the last years of the observation
period. Hence, we expect the trend to be not significant or nega-
tive. In particular we expect a non-significant trend if the principal
investigators are on average at the peak of their careers during the
15-year period.

5.3.3.4. Duration of the funding (Expos). A variable relating to the
duration of the funding is introduced in the model to account for

any differences in time periods across networks on researcher pro-
ductivity.

5.3.3.5. Year. A dummy variable was created for each year in order
to control for time effects.
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Table 5
Model 1: dynamic panel data estimation of researcher productivity.

Model 1a Model 1b
Dependent: Normal
count of (ln)Publ

Dependent: Fractional
count of (ln)Publ

Control variables
Past publications

(ln)Publi,t−1 .243 (.040)*** .197(.036)***

(ln)Publi,t−2 .128 (.035)*** .105(.034)***

Country dummies
Germany .407 (.171)** .515 (.239)**

France .197 (.158) .151 (.228)
Great Britain .388 (.166)** .487 (.236)**

North Europe .295 (.162)* .356 (.229)
Central Europe .421 (.169)** .473 (.235)**

South Europe .214 (.156) .190 (224)

Trend .004 (.005) .001 (.007)
Exposure −.036 (.017)** −.032 (.023)
Year dummies Included (iii) Included (vi)
Constant .779 (.166)*** −.136 (.239)

Explanatory variables
Funding dummy .146 (.055)*** .169 (.083)**

Structure of collaboration (Rel ) .252 (.126)** .192 (.136)
Number of instruments 47 47
Wald test Wald

chi2(20) = 249.66
Wald chi2(20) = 159.46

Prob > F 0.000 0.000
Hansen test of overid. chi2(25) = 22.49 chi2(25) = 22.83
Prob > chi2 0.607 0.587
Arellano-Bond test AR(1) Prob > z 0.000 0.000
Arellano-Bond test AR(2) Prob > z 0.126 0.143

Robust standard errors in parentheses. Years significant are 1996; 1997; 1998 (pos-
itive coeff. and p < .01) and 2002 (negative coeff. and p < .05). Years significant are
1996; 1997; (positive coeff. and p < .05); 1998 (positive coeff. and p < .1) and 2002
(negative coeff. and p < .1).
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* Significance level: p < .1.
** Significance level: p < .05.

*** Significance level: p < .01.

.3.3.6. Country dummies. In total 21 different countries were rep-
esented in our data. In order to simplify the analysis we identified
he countries which were best represented in the EU networks by
umber: Great Britain (55 researchers), France and Germany (45
esearchers each). These countries also have the highest level of
ublications in the chemistry field among the EU countries (Braun
t al., 1995). We grouped the remaining countries by region. Group
includes Central European countries such as Austria, Belgium,

etherlands and Switzerland. Group 2 includes North European
ountries such as Finland, Denmark, Sweden and Ireland. Group
includes Southern European countries such as Greece, Italy, Spain

nd Portugal. Group 4 is the Residual Group for those countries who
nly have one or two participants, which includes Hungary, Israel,
anada, USA and the Russian Federation.

. Results

The results of the estimations for Eqs. (1) and (2) are presented in
ables 5 and 6 respectively, and include both normal and fractional
utput counts. For ease of interpretation we do not report all the
ear dummies in the tables.

.1. Model 1
In Model 1 we jointly estimated the effect of funding and of
he structure of collaboration on researcher productivity [normal
ount (Model 1a) and fractional count (Model 1b)] over the 15-year
eriod, the results are presented in Table 5. We found that past pro-
uction (Publi,t−1 and Publi,t−2) is positively related to researcher
icy 38 (2009) 293–305 301

productivity (normal and fractional count). The impact of length
of the funding period is significant but, contrary to expectations,
negatively related to researcher productivity. Trend is positive in
this model. The results indicate that funding has a positive and
significant impact on researcher productivity, both in terms of the
normal and fractional publication counts. Collaboration within the
network over the 15-year period has a weakly positive effect on
the normal count of research output, but has no significant effect
on the fractional count of publications. Finally, in terms of the
geographic location of the researcher, Great Britain, Germany and
Central Europe were found to be positive and statistically significant
at the 5% level for both the normal and fractional count analy-
sis.

The validity (i.e. exogeneity) of the instrument set can be tested
using standard GMM Sargan or Hansen tests of over-identifying
restrictions. For the robust option, the Hansen test provides more
efficient estimate. The null hypothesis of the Hansen test is that
the variables used as instruments for the GMM estimation are not
exogenous and are therefore not valid as instruments. For this rea-
son we need a p value superior to 0.05 to refute the null hypothesis.
The Hansen test for over-identifying restrictions indicates that for
both estimations the instruments used for the estimation, as a
group, are exogenous and thus can be considered as appropriate for
the estimations. In addition, the Arellano-Bond test for first order
autocorrelation indicates that there is no first order autocorrelation
in the residuals. Finally, the Arellano-Bond test for second order
autocorrelation does not allow us to refute the null hypothesis that
some lags of the dependent variable, which have been be used as
instruments, are endogenous. The test indicates that past publica-
tion performance, both in terms of normal and fractional count, as
expected, is endogenous and the instruments are appropriate.

6.2. Model 2

In Model 2 we examined how funding and collaboration
influence researcher productivity [normal count (Model 2a) and
fractional count (Model 2b)] over time, see Table 6. We split the
collaboration variable into three periods: pre-funding structure,
funding structure and post-funding structure. By doing so we were
able to capture the effects of collaborations in the pre-funding
period and also to examine the productivity effects both during and
after the funding period. The results for Model 2 are similar for the
normal and fractional count of publications and indicate the fol-
lowing. First, collaboration in the pre-funding and during-funding
periods did not significantly enhance researcher productivity. Sec-
ond, post-funding collaboration is significant and positively related
to researcher productivity. It is worth noting that this result is
valid both when the dependent variable is the normal count of
publications (Model 2a) and in the fractional count (Model 2b).
More specifically, after the funding period, and following a decrease
in the number of co-authors (see Table 4), collaborations have a
positive effect on productivity. Third, the impact of collaboration
is stronger than the impact of funding on researcher productiv-
ity, though only in the post-funding period. These results suggest
that receiving funding increases researcher productivity by approx-
imately 14%, while collaborating with a partner in the network in
the post-funding period increases productivity by approximately
70%.

In terms of control variables and diagnostics, the variable for
Trend is negative and the length of the funding period is not sig-
nificant for increasing researcher productivity. The Hansen test

provides strong confidence that the exogenous instruments are
appropriate. The Arellano-Bond test for second order autocorrela-
tion does not allow us to refute the null hypothesis of no second
order autocorrelation. The estimation for the Years dummies indi-
cates, for both the models and for both the normal and fractional
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Table 6
Model 2: dynamic panel data estimation of researcher productivity.

Model 2a Model 2b
Dependent: Normal count of (ln)Publ Dependent: Fractional count of (ln)Publ

Control variables
Past publications

(ln)Publi,t−1 .243 (.040)*** .197(.036)***

(ln)Publi,t−2 .126 (.035)*** .102 (.034)***

Country dummies
Germany .410 (.172)** .523 (.243)**

France .199 (.159) .159 (.232)
Great Britain .389 (.166)** .490 (.239)**

North Europe .295 (.163)* .357 (.240)
Central Europe .427 (.170)** .483 (.239)**

South Europe .215 (.157) .193 (.228)

Trend .000 (.006) −.005 (.008)
Exposure −.028 (.019) −.018 (.026)
Year dummies Included (iii) Included (vi)
Constant .801 (.167)*** −.114 (.241)

Explanatory variables
Funding dummy .143 (.058)** .161 (.087)*

Structure of collaboration pre-funding (Pre rel) .199 (.173) .130 (.198)
Structure of collaboration during-funding (Fund rel) .244 (.156) .170 (.168)
Structure of collaboration in post-funding (Post rel) .661 (.327)** .980 (.431)**

Number of instruments 49 47
Wald test Wald chi2(22) = 250.20 Wald chi2(22) = 164.30
Prob > F 0.000 0.000
Hansen test of overid. chi2(25) = 22.53 chi2(25) = 22.29
Prob > chi2 0.605 0.619
Arellano-Bond test AR(1) Prob > z 0.000 0.000
Arellano-Bond test for AR(2) Prob > z 0.133 0.158

Robust standard errors in parentheses. Years significant are 1996; 1997; 1998 (positive coeff. and p < .01); 1999; 2000 (positive coeff. and p < .1) and 2002 (negative coeff.
p < .05). Years significant are 1996; 1997; 1998 (p < .05).
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* Significance level: p < .1.
** Significance level: p < .05.

*** Significance level: p < .01.

ount cases, that some of the years of observation are particularly
elevant for productivity. Those are just before the funding (1996)
nd at the beginning of the funding period (1997, 1998). These
ime effects could presumably be related to the incentive to pub-
ish induced by the announcement of the EU call. Finally, and as

ith the results for Model 1, the only geographic variables that
ere statistically significant at the 5% level across both the nor-
al and fractional count estimations were Great Britain, Germany

nd Central Europe.
In order to assess the strength of our results for Model 2 we

ndertook two robustness checks. First, to assess the robustness of
ur results in relation to collaboration we re-estimated the models
bove with the funding dummy taking a value of 1 both during and
fter the funding period to see whether or not the post-funding col-
aboration effect persists. Second, we re-estimated the models after
emoving the funding covariate to see whether or not the effects of
he contemporaneous collaboration variable and the post-funding
ollaboration became more sizable. The robustness checks, not
eported here but available from the authors, confirm our previous
esults where post-funding collaboration is a significant determi-
ant of publication output even when funding is supposed to last
fter the funding. Moreover when the funding variable is omitted
he importance of the collaboration is enhanced as funded col-
aboration became statistically significant. The robustness checks
uggest that there is some overlap between the funding and collab-
ration variables.
.3. Extensions to Model 2

In order to better understand our results we performed three
xtensions of Model 2.
First, we examined the impact of geographic location on
researcher productivity. We performed this analysis to examine
whether or not researchers from specific countries benefited more
than others from the EU networks. To test whether there is a country
effect in the post-funding period we interacted the country dum-
mies with a dummy for the post-funding period (the dummy takes
value 1 in the post-funding and zero otherwise). Table 7 shows the
results of the estimation. We estimated the model with both the
normal (Model 3a) and fractional (Model 3b) count of publication
as dependent variables. In terms of the normal count estimation we
did not find any significant post-funding country effects, however,
when we employed the fractional count as the dependent variable
the post-funding country effects were positive and statistically sig-
nificant for the three best represented countries in the program:
U.K., France and Germany. These results can be explained by the
average pattern of collaboration and of co-authorship across the
countries. We found that, especially in 2004, researchers in the
U.K., France and Germany had a relatively higher number of pub-
lications for a relative lower number of co-authors per paper as
compared to the other countries. The average number of co-authors
per paper is 3.2 for Germany, 4.2 for France and the U.K., 4.5 in
North European countries and an average number of co-authors
of 5.3 of Central and South European countries. These results sug-
gest that it is those countries with the best developed science base
that benefited most from the program because their researchers
tended to work in multiple small groups instead of a fewer larger

groups.

Second, we examined the impact of the number of countries
involved in a network and its effect on researcher productivity. We
conducted this analysis because we were interested in the extent to
which the size of the network, in terms of the number of countries,
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Table 7
Model 3: dynamic panel data estimation of researcher productivity: country effect in the post-funding period.

Model 3a Model 3b
Dependent: Normal count of (ln)Publ Dependent: Fractional count of (ln)Publ

Control variables
Past publications

(ln)Publi,t−1 .253 (.039)*** .211(.035)***

(ln)Publi,t−2 .130 (.035)*** .104 (.033)***

Country dummies
Germany .393 (.171)** .486 (.233)**

France .183 (.158) .134 (.224)
Great Britain .367 (.163)** .447 (.230)*

North Europe .278 (.163)* .309 (.227)
Central Europe .420 (.168)** .462 (.230)**

South Europe .222 (.155) .176 (.219)

Trend −.013 (.015) −.049 (.026)
Exposure −.000 (.034) .075 (.066)*

Year dummies Included (iii) Included (vi)
Constant .856 (.185)*** .101 (.258)

Explanatory variables
Funding dummy .143 (.059)** .171 (.086)**

Pre-funding coll. (Pre rel) .225 (.176) .199 (.194)
Funding coll. (Fund rel) .242 (.156) .166 (.165)
Post-funding coll. (Post rel) .601 (.340)* .711 (.401)*

Post-Fund. × Country dummies
Germany post .214 (.189) .653 (.309)**

France post .309 (.215) .710 (.327)**

Great Britain post .307 (.207) .675 (.332)**

North Europe post .278 (.163) .492 (.331)
Central Europe post .420 (.168) .416 (.343)
South EU Europe post .222 (.155) .376 (.310)

Number of instruments 55 55
Wald test Wald chi2(28) = 264.42 Wald chi2(28) = 185.08
Prob > F 0.000 0.000
Hansen test of overid. chi2(25) = 23.39 chi2(25) = 21.85
Prob > chi2 0.555 0.644
Arellano-Bond test AR(1) Prob > z 0.000 0.000
Arellano-Bond test AR(2) Prob > z 0.140 0.231

Robust standard errors in parentheses. Years significant: 1996; 1997; (positive coeff. and p < .01); 1998 (positive coeff. and p < .05); 1999 and 2000 (positive coeff. and p < .1).
Years significant: 1996 (p < .01); 1997; 1998 (p < .05); 1999 and 2000(positive coeff. and p < .1).
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* Significance level: p < .1.
** Significance level: p < .05.

*** Significance level: p < .01.

ay influence researcher productivity. To conduct this analysis we
e-ran Model 2 including a variable for the number of countries in
network, and then again for the number of countries per network

tandardized by the size of a network. The results, not reported here
ut available from the authors, indicate that in both cases the vari-
bles were not significant and did not add any explanatory power
o our model.

Finally, we extended Model 2 by including dummy variables for
he different sub-fields in Chemistry. We assigned each researcher
o a specific sub-field by observing the subject category of the
ournal where the majority of their publications were published.

e identified 10 main sub-fields (organic chemistry; chemistry
ultidisciplinary; chemistry analytical; chemistry physics, mate-

ial science; biotechnology; biochemistry; physics atomic, nuclear;
olymer science and others) and introduced sub-field dummies in
he estimation. The results, not reported here but available from
he authors on request, indicate in the estimation of the full model
also including country effects) that there is no strong field effect
n productivity. Only material science in the normal count estima-
ion of the model has a positive effect, suggesting that researchers in

hat area are, on average, more productive than researchers in other
ub-fields. On the contrary, in the fractional count estimation, mate-
ial science is weakly statistically significant. These results need
o be treated with caution, however, due to the small numbers of
esearchers in each field in the sample.
7. Discussion and conclusion

Our aim in this paper has been to further our understanding of
the role of funded collaboration in enhancing researcher produc-
tivity. Specifically, our paper sheds light on the effect of funding on
the relationship between collaboration and researcher productiv-
ity. Our approach enabled us to isolate different impacts of funding
and collaboration on researcher productivity, and also to examine
how collaboration may be influenced by the funding opportunity
over time. The empirical context was EU-funded research networks
under the 4th framework. Our analysis of a panel of 296 researchers
reveals the following:

First, funding has a more significant direct influence on
researcher productivity than collaboration within the network. Sec-
ond, the effect of collaboration within the network is significant
and positively related to researcher productivity only in the post-
funding period. Third, although funding has a significant direct
impact on researcher productivity, collaborations emerging in the
post-funding period, have a stronger impact on researcher produc-
tivity. During the funding period there are more links within the

network than before or after the funding.

These findings suggest that although the structure of collab-
oration changes in relation to the funding, it requires time to
develop structures of collaboration that are effective in enhancing
researcher productivity. Funding, therefore, may have an important
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ole in enabling researchers to establish new collaborations but it
oes not, on average, create effective collaborations. The positive
elation between post-funding collaboration and researcher pro-
uctivity cannot, therefore, be interpreted as a direct consequence
f the funding. Effective collaborations in this period are contingent
n a different structure of interaction resulting from the funding
eriod, which are characterized by a smaller number of interactions
mong the researchers of the network with presumably stronger
elationships. Therefore, following Porac et al. (2004), it may be
he underlying combination of variety of knowledge and depth of
he relationship which is playing a major role in shaping effective
ollaboration in the post-funding period.

.1. Limitations

As with all studies, there are limitations associated with our
pproach. In this study we have only focused on the named
esearchers involved in the funded networks. We suggest that
uture research should seek to build on our results to examine wider
ssues relating to policy intervention in a number of different ways.

First, future research should examine the wider network of rela-
ionships, including young researchers involved in the network. The
dvantage of such an approach is that we would then be able to bet-
er understand the impact of the funding on individuals who were
tarting their career.

Second, future research should include a control group of
esearchers that applied for the same funding but were not selected.
uch an approach would provide a measure of the net impact of
he funding in enhancing the effectiveness of collaboration as com-
ared to non-funded networks, while controlling also for the effect
ue to selection bias.

Third, future research should examine informal aspects of col-
aboration. We have focused on publications as a tangible indicator
f formal collaboration but collaboration may also be informal
nvolving the sharing of knowledge through seminars, workshops,
tc. and with intangible benefits. We attempted to collect data on
hese informal collaborations during the funding period but were
nable to obtain this information.

Fourth, the amount of funding may be of interest for future
esearch. We attempted to collect data on the amount of funding
f each project but we were also unable to obtain this informa-
ion. Further research could usefully incorporate such data to gain
nsights into policy effectiveness and we urge the EU to make such
ata available in future.

Fifth, to minimize potential bias, our study focused only on one
cientific field, chemistry. However, since as noted above the chem-
stry sector tends to have lower collaboration but higher output
han other sectors, further research should examine funding sup-
ort for other fields to establish the generalizability of our findings.

Finally, our analysis focused on the effects of funding on output
s the dependent variable, yet funding may also impact contempo-
aneous and future collaborations. Further research might usefully
xamine this outcome of funding by collecting further data on the
et of relations of researchers and applying social-network analyses.

.2. Implications for policymakers

Policymakers need to be able to assess the effectiveness of
ifferent support mechanisms, and to design more effective pol-

cy instruments. We suggest our research provides the following
nsights for policy development.
First, our results lead us to suggest that policymakers need to
ay close attention to the nature of the pre-funding structures of
ollaboration since these can be a relevant variable for improv-
ng the effectiveness of funding schemes oriented to networks of
esearchers.
icy 38 (2009) 293–305

Second, although funding increases collaboration, its impact
on researcher productivity is time contingent. Time is required
for the collaboration to become effective. Our results suggest that
policymakers need to recognize the time required to develop
new collaborative relationships. Where there is no collaboration
between parties in the pre-funding period, a longer period of sup-
port may be required to support the effectiveness of the new
collaborative network. This suggest that in monitoring the effective-
ness of support measures, policymakers need to consider the longer
term effects in the post-funding period as there are substantial
lags in establishing working networks and in publishing. Conse-
quently, where policy support is explicitly short-term in nature,
the existence of pre-funding collaborative relationships may be an
important criterion for allocating funding.

Third, our work resonates with the debate relating to the role of
public support for networks. Policymakers need to define structures
of public support that are able to combine the individual incentive
for research collaboration with the policy objectives of enhanc-
ing the research potential of researchers (Glanzel and Schubert,
2004) without creating coordination costs that are greater than
the benefits of collaborative research (Landry and Amara, 1998).
The choice of research partners in the EU framework may be deter-
mined by motivations that are not necessarily related to the benefits
of the collaboration. Knowledge markets, both in terms of research
collaborators and research commercializers, tend to favour produc-
ers that have well-established reputations. Therefore, collaborators
with strong reputations may be selected in order to increase the
probability of gaining research funding since reputation is gener-
ally assumed to be an important aspect of the selection criteria
employed by the funding agency (David and Keely, 2003). The align-
ment of individual and policy objectives will help to improve the
effectiveness of the policy intervention.

7.3. Conclusions

To conclude, the evaluation of policy intervention is com-
plex. In our empirical context collaboration and funding are not
independent determinants of researcher productivity. Our results
demonstrate that the design and assessment of such policy inter-
ventions requires an appreciation of how collaborative structures
change over time, notably during periods covered by pre-, during-
and post-funding of research networks.

Acknowledgements

This research was supported by theGate2Growth Research
Exchange and Mobility Programme. Thanks to Luigi Benfratello,
David Paton, Ben Martin (the editor) and three anonymous review-
ers for their helpful comments on previous versions and to Salvatore
Ricciardi for his technical support on data management.

References

Adams, J.D., Black, G.C., Clemmons, J.R., Stephan, P.E., 2005. Scientific teams and insti-
tutional collaborations: evidence from U.S. universities, 1981–1999. Research
Policy 34, 259–285.

Allison, P.D., Stewart, J.A., 1974. Productivity differences among scientists: evidence
for accumulative advantage. American Sociological Review 39, 596–606.

Arora, A., David, P., Gambardella, A., 1998. Reputation and competence in publicly
funded science: estimating the effects on research group productivity. Annales
d’Economie et de Statistique N.49/50.

Arora, A., Gambardella A., 1996. The impact of NSF support for basic research in
economics. IDEAS Working papers.
Baltagi, B.H., 2002. Econometric Analysis of Panel Data, Second Ed. John Wiley &
Sons, Ltd.

Blume, S.S., Sinclair, R., 1973. Chemists in British universities: a study of the reward
system in science. American Sociological Review 38, 126–138.

Blundell, R., Bond, S., 1998. Initial conditions and moment restrictions in dynamic
panel data models. Journal of Econometrics 87 (1), 115–143.



ch Pol

B

C

C

C
C

C

D

D

D

D

E

F

G

G

G

G

G

G
H

K

D. Defazio et al. / Resear

raun, T.W., Glanzel, W., Grupp, H., 1995. The scientometric weight of 50 nations in 27
science areas, 1989–1993. Part I. All fields combined, mathematics, engineering,
chemistry and physics. Scientometrics 33, 263–293.

hubin, E.D., Porter, A.L., Boeckman, M., 1981. Career patterns of scientists. American
Sociological Review 44, 816–830.

ole, J.R., Cole, S., 1967. Scientific output and recognition: a study in the operation
of the reward system of science. American Sociological Review 32, 377–390.

ole, J.R., Cole, S., 1973. Social Stratification in Science. University of Chicago Press.
ommission of the European Communities, 1996. Cost reimbursement model con-

tract for the research networks actions of the fourth activity of the Fourth
Framework Programme.

ommission of European Communities, 2006. Amended proposal for Council
Decision concerning the Specific Programme “Cooperation” implementing the
Seventh framework programme (2007–2013) of the European Community for
research, technological development and demonstration activities.

avid, P., 1994. Positive feedbacks and research productivity in science: reopening
another black box. In: Grandstrand, O. (Ed.), Economics and Technology. Elsevier,
Amsterdam.

avid, P.A., Keely, L.C., 2003. The endogenous formation of scientific research coali-
tion. Economics of Innovation and New Technology 12, 93–116.

e Beaver, D., Rosen, R., 1979. Studies in scientific collaboration. Part II. Scientific
co-authorship, research productivity and visibility in the French scientific elite,
1799–1830. Scientometrics 1, 133–149.

urden, G.C., Perri, T.J., 1995. Co-authorship and publication efficiency. Atlantic Eco-
nomic Journal 23, 69–76.

uropean Commission, 2000. Research training networks. Improving the human
potential and the Socio-Economic Knowledge Base (1999–2002). Guide for Eval-
uators. http://www.cordis.lu/improving.

ox, M.F., 1983. Publication productivity among scientists: a critical review. Social
Studies of Science 13, 285–305.

aston, J., 1970. The reward system in British science. American Sociological Review
35, 718–732.

augham, M., Bozeman, B., 2002. Using curriculum vitae to compare some impacts
of NSF research grants with research center funding. Research Evaluation 11 (1),
17–26.

länzel, W., 2002. Co-authorship patterns and trends in the sciences (1980–1998). A
bibliometric study with implications for database indexing and search strategies.
Library Trends 50, 461–547.

lanzel, W., Schubert, A., 2004. Analyzing scientific networks through co-authorship.
In: Moed, H.F., Glanzel, W., Schmoch, U. (Eds.), Handbook of Quantitative Science
and Technology Research. Kluwer Academic Publishers, pp. 257–276.

odin, B., 2003. The impact of research grants on the productivity and quality of

scientific research. INRS Working papers.

reene, W.H., 2003. Econometric Analysis, Fifth Ed. Pearson Education, Inc.
ollis, A., 2001. Co-authorship and the output of academic economists. Labour Eco-

nomics 8, 503–530.
atz, J.S., 1993. Geographical proximity and scientific collaboration. Scientometrics

31, 31–34.
icy 38 (2009) 293–305 305

Katz, J.S., Martin, B.R., 1997. What is research collaboration? Research Policy 26, 1–18.
Landry, R., Amara, N., 1998. The impact of transaction costs on institutional struc-

turation of collaborative academic research. Research Policy 27, 901–913.
Landry, R., Traore, N., Godin, B., 1996. An econometric analysis of the effect of col-

laboration on academic research productivity. Higher Education 32, 283–301.
Lee, S., Bozeman, B., 2005. The impact of research collaboration on scientific produc-

tivity. Social Studies of Science 35, 673–702.
Levin, S.G., Stephan, P., 1991. Research productivity over the life cycle: evidence from

academic scientists. The American Economic Review 81, 114–132.
Long, J.S., Allison, P.D., McGinnis, R., 1979. Entrance into the academic career. Amer-

ican Sociological Review 44, 816–830.
Long, J.S., McGinnis, R., 1981. Organizational context and scientific productivity.

American Sociological Review 46, 422–442.
Lotka, A.J., 1926. The frequency distribution of scientific productivity. Journal of the

Washington Academy of Science 16, 317–323.
Luukkonen, T., Persson, O., Silvertsen, G., 1992. Understanding pattern of inter-

national scientific collaboration. Science Technology and Human Value 17,
101–126.

McFadyen, M.A., Cannella Jr., A.A., 2004. Social capital and knowledge creation:
diminishing returns of the number and strength of exchange relationship.
Academy of Management Journal 47, 735–746.

Merton, R., 1968. The Matthew effect in science. Science 159, 56–63.
Mellin, G., Persson, O., 1996. Research collaboration using co-authorship. Sciento-

metrics 36, 363–377.
Nahapiet, J., Ghoshal, S., 1998. Social capital, intellectual capital, and the organiza-

tional advantage. Academy of Management Review 23, 242–266.
Newman, M.E.J., 2001. The structure of scientific collaboration networks. Proceed-

ings of the National Academy of Science of the United States of America 98,
404–409.

Okubo, Y., Dore, J.C., Ojasoo, T., Miquel, J.F., 1998. A multivariate analysis of publica-
tion trends in the 1980s with special reference to south-east Asia. Scientometric
41, 273–289.

Porac, J.F., Wade, J.B., Fischer, H.M., Brown, J., Kanfer, A., Bowker, G., 2004. Human
capital heterogeneity, collaborative relationship, and publication patterns in a
multidisciplinary scientific alliance: a comparative case study of two scientific
teams. Research Policy 33, 661–678.

Pravdic, N., Oluic-Vukovic, V., 1986. Dual approach to multiple authorship in the
study of collaborator/scientific output relationship. Scientometrics 10, 259–280.

Reskin, B.F., 1977. Scientific productivity and the reward structure of science. Amer-
ican Sociological Review 42, 491–504.

Stephan, P., 1996. The economics of science. Journal of Economic Literature 34,
1199–1235.
Uzzi, B., 1997. Social structure and competition in inter-firm networks: the paradox
of embeddedness. Administrative Science Quarterly 42, 35–67.

Van Raan, A.F.J., 2004. Measuring science. In: Moed, H.F., Glanzel, W. (Eds.),
Handbook of Quantitative Science and Technology Research. Kluwer Academic
Publishers, pp. 19–50.

Wasserman, S., Faust, K., 1994. Social Network Analysis. Cambridge University Press.

http://www.cordis.lu/improving

	Funding incentives, collaborative dynamics and scientific productivity: Evidence from the EU framework program
	Introduction
	Policy context
	Determinants of researcher productivity
	Traditional approaches to research productivity: individual level and research system reward structure
	Productivity and collaboration
	Productivity, funding and collaboration

	Analytical model
	Model 1: the base model
	Model 2: full model

	Data and method
	Data
	Method
	Measures
	Dependent variable
	Explanatory variables
	Collaborative pattern
	Funding dummy

	Control variables
	Path dependency and cumulative advantage (Publt-1 and Publt-2)
	Collaborative pattern within the formal network before the funding (Pre_rel)
	Trend
	Duration of the funding (Expos)
	Year
	Country dummies



	Results
	Model 1
	Model 2
	Extensions to Model 2

	Discussion and conclusion
	Limitations
	Implications for policymakers
	Conclusions

	Acknowledgements
	References


