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a b s t r a c t
This paper proposes a novel mixed-method approach to study the impact of complex international
capacity-building partnerships as an emerging policy tool at the crossroads of four major research policy trends − university-centrism, collaboration, internationalization, and growing structural complexity.
We combine bibliometric network analysis with difference-in-difference program evaluation, statistical
matching techniques, and system architecture analysis to evaluate complex research partnerships more
adequately ‘in their own terms.’ We apply our method to one national “ﬂagship” policy initiative − the
MIT Portugal Program − where we compare program participants to a carefully assembled peer group of
non-participant Portuguese researchers to assess the impact of MIT-Portugal with regard to idiosyncratic,
more structurally oriented, and arguably less conventional program goals. As part of this methodological
approach, we propose difference-in-differences Content Overlay Maps (“maps of science”) as a means to
evaluate how program participants change their research focus over time relative to their national peers.
These ﬁndings are complemented by an analysis of the collaborative network of participants and their
institutions, as well as more traditional forms of impact assessment. Our ﬁndings indicate that complex
international capacity-building partnerships can have a signiﬁcant impact on the ‘hosting’ country in
terms of cluster formation and research re-orientation. Moreover, they suggest that our mixed-method
approach provides a valuable tool for evaluating complex capacity-building initiatives in ways that do
justice to their one-of-a-kind architectures and goals. Future research should aim to study more closely
the relationship between different program architectures and program impacts, and combine our largely
quantitative approach with ongoing qualitative and interpretive policy analysis.
© 2016 Published by Elsevier B.V.

1. Introduction
Over the last few decades, policy initiatives in research and innovation have notably grown in complexity. Governments around
the globe are pursuing research and innovation policy increasingly as systemic phenomena, which frequently implies addressing
multiple parallel objectives and using a variety of simultaneous
mechanisms in a way that reﬂects the speciﬁc needs and social,
political, and institutional contexts of their countries (Archibugi
and Lundvall, 2001a; Edquist, 2006; Jasanoff, 2005; Jasanoff and
Kim, 2015; Kuhlmann et al., 2012; Lundvall, 1992; Nelson, 1993;
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OECD, 2010a; Pfotenhauer et al., 2016; Pfotenhauer, 2016; Smits
and Kuhlmann, 2004; van Geenhuizen et al., 2005). This surge in
complexity is further exacerbated by an increasing policy focus
on collaboration in science, innovation, and higher education,
oftentimes with a distinctly international orientation (Altbach
et al., 2010; Altbach and Knight, 2007; Bhandari and Blumenthal,
2011; Bozeman et al., 2012; Carayannis and Laget, 2004; Freeman,
2014a; Georghiou, 1998a; Hunt and Gauthier-Loiselle, 2008a; Lee
and Bozeman, 2005a,b; Luukkonen et al., 1992a; Shrum et al.,
2007; Stromquist and Monkman, 2000; Subramanyam, 1983a,b;
Wagner, 2005a; Wuchty et al., 2007a). In many of these ‘complex’ research and innovation policy initiatives, universities play
a central role. This prominence of universities, particularly for
questions of capacity-building, is owed at least in part to their
assumed ability to simultaneously address questions of human
resource formation, research, and innovation − a role sometimes
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characterized as the “knowledge triangle” see also (Conceição and
Heitor, 2001a,b; Cowan and Zinovyeva, 2013; EC, 2012; Etzkowitz,
2008, 2003; Mansﬁeld and Lee, 1996; Mansﬁeld, 1991; Mowery,
2004; Pfotenhauer et al., 2013; Pfotenhauer, 2017; Salter and
Martin, 2001; Shane, 2004; Slaughter and Leslie, 1997; Thorp and
Goldstein, 2010; Winckler, 2010; Youtie and Shapira, 2008).
Given this consistent growth in research policy complexity
and associated policy considerations around growing collaboration, internationalization, and differentiation, how do we assess
the performance of policy initiatives in a way that does justice to their increasingly unique designs and purposes? Policy
researchers and policy makers alike have recognized that one-sizeﬁts-all approaches to evaluating research and innovation policy are
ill-suited given the differences among national and regional innovation systems, and their largely idiosyncratic goals (Magro and
Wilson, 2013; Rasmussen, 2008; Shrum et al., 2007; Tödtling and
Trippl, 2005). There is a growing awareness that complex initiatives
need to be evaluated ‘on their own terms,’ and that the measurement of innovation and research performance has to follow
suit in terms of observed complexity (OECD, 2010b). In this context, both qualitative case-study research and quantitative social
network analysis (particularly bibliometric analysis) have offered
compelling ways forward − the former with a focus on “structural
and cultural aspects;” the latter through the construction of complex “indicators of trends and processes” (Shrum et al., 2007). In
this paper, our primary focus rests with the latter, although we
draw heavily and directly on complementary qualitative research
(Pfotenhauer et al., 2016; Pfotenhauer, 2016; Pfotenhauer and
Jasanoff, forthcoming-a, forthcoming-b).
Social network analysis is a tool for mapping topographic information such as position or strength of connection among a set of
people within a social network. For example, bibliometric analysis can be used to trace the production, circulation, impact, and
epistemic differentiation of knowledge by assessing available network information (e.g. citations or aggregate measures such as
impact factors) for research publications, patents, or other bibliometric sources (Bozeman et al., 2012; Katz and Martin, 1997a,b;
Melin, 2000; Ponomariov and Boardman, 2010). Yet, bibliometric
network analysis poses several conceptual, empirical, and interpretative challenges, including questions of data availability (“looking
where the light is”), its utility for program design and evaluation,
or its normative implications (the “indicator game”). What is more,
experience shows that many program evaluators tend to apply bibliometric analysis in under-complex, and at times negligent, ways.
The need for a more sophisticated, judicial, and humble use of network analysis has been prominently articulated in the recent Leiden
Manifesto (Hicks et al., 2015), which picks up key concerns about
how to evaluate initiatives, organizations, and people ‘in their own
terms’ and in conjunction with a range of other indicators, preferably including some qualitative methods. The Leiden Manifesto
builds on decades’ worth of experience on the use and misuse of
bibliometric analysis, and the potential and risks associated with
it.
In this paper, we attempt to make a modest step in this proposed direction of a more sophisticated use of quantitative analysis
through close attention to context, intent, and design. We propose
a mixed-method approach that uses network analysis in combination with difference-in-difference evaluation, statistical matching
techniques, and insights from system architecture thinking to study
the characteristic impact of a complex international, collaborative
policy initiative in a way that aims to do justice to its program architecture, idiosyncratic program goals, and local (peer) environment.
We thereby aim to propose an avenue for evaluation that recognizes, to the extent possible, the ‘one-off” character of the initiative
− much in line with the principles and aspirations of the Leiden
Manifesto, as well as wider calls to focus on the broader impacts, not

mere outcomes, of research collaboration (Bozeman et al., 2012).
While our goal is to eventually develop a comparative evaluation
methodology that can be applied across a range of complex research
policy initiatives and with particular attention to qualitative and
interpretive analysis, our objective for this paper is primarily to
introduce, and demonstrate the utility of, our mixed-method quantitative approach using one concrete example. We study the impact
of one complex international research policy initiative − the MITPortugal Program, or MPP for short − with a particular view towards
less conventional, more structurally oriented policy goals alongside
standard measures of research productivity, quality, and visibility. These structural goals include the empowerment of young
researchers; the stimulation of intra-Portuguese institutional collaboration to create critical-mass distributed research clusters; and
purposeful redirection of research activities in some of the leading
groups of the country towards designated priority areas.
We begin by brieﬂy introducing the MIT-Portugal Program and
derive a set of ﬁve program goals that we wish to probe, including
some that are speciﬁc to the program architecture. We then introduce some of the theoretical background that we draw on for our
analysis and explain how we will use it in our research design. In
particular, we focus on bibliometric social network analysis (which
allows us to map collaboration dynamics among researchers and
institutions), difference-in-differences (DID) analysis (which contrasts the performance of MPP program participants with that
of similar peer group in Portugal), and two statistical matching techniques − Propensity Score Matching and Coarse Exact
Matching (which allows us to augment the difference-in-difference
approach to reduce potential selection biases in the sampling). DID
approaches in conjunction with matching techniques have hitherto rarely been used in a bibliometric program evaluation context.
Subsequently, we provide an overview of our data acquisition and
preparation process before proceeding to the construction of the
researcher networks. In the analysis section, we will then assess
the efﬁcacy of MPP with regard to the ﬁve goals − and with it the
efﬁcacy of our method. For the last part of the analysis, we further
introduce Content Overlay Maps to trace for the ﬁrst time changes
in research focus of participating researchers in a DID conﬁguration. We conclude by charting a comparative research agenda for
understanding differences and similarities among different types
of complex research policy initiatives.

2. The MIT-Portugal Program (MPP): case study synopsis
and determination of evaluation goals
Launched in 2006, MPP is a large-scale consortium-type
partnership involving ﬁve Portuguese universities, MIT, various
national research laboratories, and industry partners “to strengthen
the country’s knowledge base and international competitiveness
through a strategic investment,” intended as a “high-proﬁle effort
to demonstrate that an investment in science, technology and
higher education can have a positive, lasting impact on the economy by addressing key societal issues through quality education
and research” (MIT, 2005). Sponsored by the Portuguese government, MPP facilitates a range of collaborative research activities,
ranging from small one-time seed projects to large scale, multiyear “test-beds.” For example, in the ‘Green Island’ project based
on the Azores, researchers perform work on sustainable energy
systems and integrated electro-mobility solutions under the conditions of a limited-sized island “living laboratory” with a view
towards testing technology at scale. Generally, MPP’s research and
education programs are focused around four priority areas − Sustainable Energy Systems, Bioengineering Systems, Transportation
Systems, and Engineering Design and Advanced Manufacturing −
determined by the Government of Portugal in an assessment and
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match-making process leading up to the collaboration. These priority areas were deliberately chosen either because the Portuguese
institutions already had considerable strengths in these domains
(e.g. transportation, sustainable energy) or because the government
saw it as an opportunity to build new capacity in research domain
with little precedence in Portugal (e.g. stem cell bioengineering). In
both cases, they were chosen as areas for partnership with the goal
to shape and strengthen future research directions at Portugal’s
leading institutions through an exchange with MIT (Pfotenhauer
et al., 2013).
MPP’s conception was further driven by a range of institutional and national reform goals. For example, MPP was explicitly
designed to stimulate intra-Portuguese collaboration to overcome
traditional patterns of institutional insulation and competition, and
foster the formation of critical mass in the afore-mentioned priority areas. While Portugal has always had pockets of research
excellence, these pockets did hitherto not sufﬁce to propel the
country to global research impact and visibility (Heitor and Bravo,
2010; Horta, 2008). In response to this perceived challenge, ﬁve
universities were enlisted in a countrywide research and education consortium structure, where program internal-research calls
were speciﬁcally designed such that always at least two different
Portuguese universities collaborated on any given project. Here,
MIT’s role was primarily conceived as that of an incentive for these
Portuguese universities to collaborate − a “kind of glue,” as one
senior government ofﬁcial put it (Pfotenhauer et al., 2013) − which
was deemed more important than the mere collaboration with MIT
itself. The formation of such national clusters was furthermore supported by the creation of 7 new national graduate programs, housed
simultaneously at multiple Portuguese universities and awarding
degrees jointly by several member institutions. This program began
with a number of semi-open scouting workshops, with leading
researchers from the Portuguese universities and MIT being invited.
The ﬁrst partnerships and the deﬁnition of the focus area were
based on discussions at these workshops where there was deemed
to be a good ﬁt in terms of research interests and previous expertise
between the Portuguese and MIT researchers. This initial consortium was then opened through “open research calls” for project
proposals inside the four focus areas. Over the course of the program, many students and faculty from Portugal spend extended
research periods at MIT, creating a close-knit visitors community,
while at the same time researchers and students from MIT spend
time in Portugal for teaching or research collaborations.
MPP is what one could call a national ‘ﬂagship’ policy initiative. In the trajectory of the country’s university system, it marks
a historical turning from a period of quasi-egalitarian expansion
of the higher education system to one of excellence-formation
and international competitiveness with greater focus on research.
Interestingly, MPP’s architecture and goals are a direct result of
the socio-political and historical context: After the half-century
of dictatorship until 1974, a newly democratic country inherited
an elitist and politicized university system paired with the loss
of its economic basis and a relatively low trust in governmental
leadership and public institutions (Amaral and Magalhães, 2005;
OECD, 2007). Partly in compensation of this heritage, the subsequent decades saw a strong emphasis on public access and equality,
where research funds were distributed more or less uniformly
throughout the system − at the expense of critical research mass
and institutional excellence. The consortium structure of MPP and
the formation of distributed national research clusters reﬂect both
this equitist tradition that rendered a partnership between MIT and
a single Portuguese university politically unfeasible, as well as fact
that no single university had the cumulative research capacity to
serve as an equal partner in a collaboration with MIT. This is consistent with research that emphasizes the structural barriers to, and
lack of pay-off for, asymmetric partnerships between partners of
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highly unequal “levels of development” (Toivanen and Ponomariov,
2011; Ynalvez and Shrum, 2011). In fact, MPP can be interpreted
as a part of a wider “catching up” narrative that in Portugal was
imagined to require external assistance (Pfotenhauer and Jasanoff,
forthcoming-a).
The above discussion illustrates for the case of Portugal how the
goals, rationales, and feasible mechanisms of complex, large-scale
research policy initiatives tend to be highly system-speciﬁc, resulting in one-of-a-kind architectures and idiosyncratic types of impact
that one would like to achieve (and measure). Based on an in-depth
analysis of the MPP system architecture (Pfotenhauer et al., 2016),
we select a subset of ﬁve MPP goals as deﬁned by the government
and institutional stakeholders: (1) Conduct high-impact research
and increase visibility; (2) Empower in particular a new generation
of researchers; (3) Strengthen intra-Portugal research collaboration
to achieve critical research mass and overcome patterns of interinstitutional isolation; (4) Strengthen collaboration with an MIT;
(5) Shape research directions according to national strategic objectives. While the ﬁrst and the fourth goal are what one could call
“generic” program goals, the remaining three goals are more structural and closely tied to program architecture and socio-political
factors in Portugal. We will discuss the operationalization of these
program goals in the following section. For more information on
MPP, see (Pfotenhauer et al., 2016, 2013; Pfotenhauer and Jasanoff,
forthcoming-a, forthcoming-b).
In its scale, complexity, and system-speciﬁcity, MPP stands
in for a broader class of recent ﬂagship research policy initiatives which governments have mobilized to strengthen national or
regional competitiveness, build capacity and competitive advantages in scientiﬁc or technological priority areas, foster the
transition to knowledge-based economies. As mentioned at the
outset and illustrated for MPP, these initiatives tend to sit
in the intersection of several current policy trends: increasing
university-centrism, increasing collaboration, increasing internationalization, and increasing complexity. For example, Portugal
itself has launched four more large-scale international partnerships
of varying design besides MPP, including collaborative initiatives with Carnegie Mellon University, the University of Texas at
Austin, Harvard Medical School, and the German Fraunhofer Society. Singapore’s Campus for Research Excellence and Technological
Enterprise (CREATE) hosts research operations of as many of 10
international partners, including ETH Zurich, Cambridge University, University of California, Berkeley, Technion, and MIT. In the
Middle East, several dedicated innovation cities are under construction (including Abu Dhabi’s Masdar City or Quatar’s Education
City), which draw heavily on foreign partners and have universities at their heart. Elsewhere, we call this new generation of
research policy initiatives in the intersection of these four trends
Complex International Science, Technology, and Innovation Partnerships (CISTIPS) (Pfotenhauer et al., 2016). Here, we just note that
the methodological tools and approaches developed in this paper
speak to broader evaluation challenges to assess the increasingly
complex, collaborative ﬂagship initiatives ‘on their own terms.’
We wish to note that both authors of this study have been
(partly) afﬁliated with MPP, brought in as “embedded” researchers
by the program leadership speciﬁcally for the purpose of studying
the impact of the program under conditions of structural complexity. Embedded social science research has become increasingly
common for large-scale (or even small-scale) research initiatives.
While one has to be cognizant of the potential risk for bias, it
allowed both authors to complement quantitative analysis with
interviews, periods of participant observation, and direct access to
relevant actors and documents.
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3. Theoretical background
3.1. Collaboration trends and bibliometric analysis in research
policy
International linkages and collaboration have become a key
focus of research policy and national capacity-building efforts in
science, technology, and innovation. Indeed, we are witnessing
a veritable surge in collaborations across ﬁelds and institutions
(Bozeman et al., 2013; Georghiou, 1998b; Katz and Martin, 1997a,b;
Luukkonen et al., 1992b; Melin, 2000; Vinkler, 1993; Wagner,
2005b; Wuchty et al., 2007b). As exempliﬁed by the case of
MIT-Portugal, part of the appeal to policy-makers − such as
the interest in targeted capability building or external facilitation of institutional reform − builds on well-known rationales
from (inter)national development, which has focused on questions of technology transfer, capability building, and knowledge
circulation as key ingredients for “catching up” to the innovation frontier (Amsden, 2001; Bozeman, 2000; Cohen and Levinthal,
1990; Fransman et al., 1984; Keller, 1996; Kim, 1997; Lee and Lim,
2001; Reddy and Zhao, 1990; Wei, 1995). More recently, international linkages and collaborations gained further importance in
the context of an emerging globalized learning economy, in which
rapid knowledge diffusion and updating, access to key nodes in
knowledge networks, institutional diversity, and global interconnectedness are increasingly replacing classical growth factors such
as the accumulation of capital and labor (Archibugi and Lundvall,
2001b; Conceição and Heitor, 2001b; Freeman, 2001; Llerena and
Matt, 2005). Research collaborations have further been linked to
positive effects in terms of scientiﬁc as well as broader economic
productivity (Dietz and Bozeman, 2005a,b; Lee and Bozeman,
2005a,b; Subramanyam, 1983a,b; Wuchty et al., 2007b). What is
more, internationalization and collaboration have also been tied
to international labor mobility, especially with regard to university students and researchers (Bound et al., 2009; Freeman, 2014b,
2005; Hunt and Gauthier-Loiselle, 2008b). For example, is an open
secret that the US has beneﬁtted from the attraction and retention
of highly talented students from around the globe (Finn, 2012).
Bibliometric analysis has both made this trend visible and served
as an instrument to study it. Early work (Martin and Irvine, 1983;
Moed et al., 1985) demonstrated how bibliometric data such as
scientiﬁc articles, conference papers, and patents could serve as
“monitoring devices.” However, even in these ﬁrst applications of
bibliometric data, researchers were cognizant for the need of multiple metrics and careful analysis, going so far as to recommend
that such analysis should not be absolute, but instead comparative over time or between programs. Georghiou and Roessner
(2000) found that evaluations of technology and research policies
that solely focused on the “production function” of these programs were oftentimes not useful for policymakers or program
managers because of uncontrollable contextual factors, externalities, spillovers and time lags. Over time, research attention has
shifted increasingly towards including networking and other social
aspects as explanatory components of research behavior and policy success. Sometimes described as the “contextual complement
of human capital” (Burt, 2000), social capital is now generally
accepted as a key ingredient for the exchange of information.
However, social capital has been notoriously difﬁcult to measure.
Bibliometric analysis has generally taken the approach of measuring social capital through the nature and strength of collaborative
ties established between group members in publications; other
forms of social capital such as trust and broader visibility are much
harder to capture (Shrum et al., 2001).
Reagans and Zuckerman (2001) ﬁrst demonstrated the value
of collaborative network structure to the output of science when
they recast the diversity-performance debate (where the diver-

sity of research teams either increases ideation, and thus increases
productivity, or increases collaborations costs, and thus decreases
productivity) as two separate but complementary structural principles of a group’s collaborative network. Indeed, collaborative
structure is critical both to the generation of ideas, where a low
density of network connections may lead to unseen options and
creativity, and the circulation, adoption, and research on those
ideas, where high density of connections leads to acceptance and
further study of an idea (Burt, 2004). As a result, research collaboration has been shown to have positive effects on scientiﬁc, as well
as broader economic, productivity (Dietz and Bozeman, 2005a,b;
Lee and Bozeman, 2005a,b; Subramanyam, 1983a,b; Wuchty et al.,
2007a,b). A growing base of work on social network analysis has
analyzed how the network structure of social capital relates to how
knowledge is produced (Hansen, 1999; Reagans and McEvily, 2003;
Reagans and Zuckerman, 2001), how knowledge is diffused to others (Centola and Macy, 2007; Granovetter, 1978), how individuals
and ideas are inﬂuential (Bakshy et al., 2011; Kempe et al., 2003),
and how groups and teams can coordinate and cooperate (Kearns
et al., 2014; Lazer and Friedman, 2007). Murray (2004) found that
scientists draw deeply on their collaborative network in the course
of producing new knowledge. Besides their immediate environments in local laboratories, universities, or ﬁrms, scientists also rely
on a broader network of social connections that may cut across societies in the form of an “invisible college,” both inside and outside
their academic focus area, to generate and spread ideas (Price and
Beaver, 1966; Wagner, 2008). In this way, structural differences
of researchers’ social networks or their position within larger networks can have important implications for their future productivity
(Casper and Murray, 2005). In short, we now know that the relationship between collaboration and any desired outcome is not a
simple linear, but tends to be complex and contingent on many
social factors, including network structure. Social network analysis is hence both a powerful tool for science policy researchers to
understand how policies unfold, but also a challenge in bringing
the tools to bear in a sufﬁciently complex way to capture salient
idiosyncrasies.
In science, many different types of collaboration exist, ranging
from close collaboration on conducting experiments to informal
conversations and exchange of ideas. Yet, most studies of scientiﬁc
collaboration focus only on publication co-authorship as a metric of collaboration (Bozeman et al., 2012). The reason, as Katz and
Martin (1997a,b) point out, is that co-authorship data is easily available, veriﬁable and measured. There has been work where scientists
report their research collaborations in surveys rather than using
co-authorship data (see, for example, Melin, 2000 or more recently
Bozeman and Gaughan, 2011) and while these types of collaboration surveys have a number of advantages, one should also be
cognizant of the potential drawbacks of self-reported collaboration
data. Further, owing to the prominence of co-authorship data, most
studies of scientiﬁc collaboration have focused on individual-level
research collaborations (Bozeman et al., 2012). Much less attention has been paid to institutional-level research collaborations in
purely academic and research settings, although notable exceptions exist (though primarily in qualitative case studies) (Bailetti
et al., 1994; Balmer, 1996; Cetina, 1999; Chompalov et al., 2002;
Chompalov and Shrum, 1999; Crawford et al., 2010; Galison, 1994;
Shrum et al., 2007; Zabusky, 1995). Those papers that do focus
on institutions are primarily concerned with university-industry
links or government-industry-university interactions (Carayannis
et al., 2000; Eom and Lee, 2010; Etzkowitz, 2002; Hagedoorn et al.,
2000; Powell et al., 1996; Poyago-Theotoky et al., 2002), institutionalization and management of multidisciplinary, mission-oriented
research collaborations (Bammer, 2008; Corley et al., 2006), or
collaborative settings in cross-border provision of higher educa-
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tion (Altbach and Knight, 2007; Knight, 2004; Verbik and Merkley,
2006).
Research into the nature of scientiﬁc production and collaboration has been accompanied by a growing interest in mapping
research and development activity across sectors, motivating
methodological developments such heat maps of “hot research
areas,” content overlay maps, or economic diversity maps based
on export goods (Hidalgo et al., 2007; Rafols et al., 2010; Saka
et al., 2010). On the other hand, scientiﬁc and technological ﬁelds
have proven both notoriously difﬁcult to classify and hardwired
into institutional structures and publication outlets. Some emerging ﬁelds or disciplines have become structured and codiﬁed in
their own right (such as biochemistry) while others remain at the
fuzzy intersection between traditional disciplines (such as energy
research). All this contributes to increasing measurement complexity of present-day research initiatives in terms of goals and
mechanisms to be considered. More sophisticated content overlay
maps may shed light on interesting facets of interdisciplinarity (for
example, Grauwin et al., 2012); yet their uptake and application
remains limited, with only one example of use at the program level
(Garner et al., 2012).
3.2. Difference-in-differences approach
In our research design, we apply a difference-in-differences
(DID) approach to map the impact of the program in comparison to
a peer group of researchers in Portugal. Widely used in econometric and quantitative sociological studies (Abadie, 2005; Ashenfelter
and Card, 1984; Card and Krueger, 1994), DID is based on a quasiexperimental research design that compares the mean value of a
dependent variable over time between a treatment and control
group (the former being subject to an intervention, the latter not)
to reveal potential causal relationships and the determine effect
size of the intervention. Through this cross-group comparison,
DID generally eliminates the problems of selection bias associated
with single-population time series or static comparisons. However,
DID relies upon one critical assumption: besides questions of data
availability, the treatment and control groups are assumed to be
sufﬁciently similar to be comparable. That is, they have similar
characteristics before the treatment and would continue to display
the same characteristics if either both or none had been given the
treatment. DID also presumes that the composition of individuals
of both groups remains unchanged over time.
3.3. Matching techniques: accounting for potential biases
DID is still susceptible to certain biases. For example, given that
DID compares mean outcomes of populations at different points in
time without account for the variance in outcomes, it is possible
large changes in a small sub-sample create a sample-wide effect
and can mask that the majority of the sample might have changed
very little (or not at all). In our case of bibliometric analysis, this
would mean that changes in the output of the one or two most
productive researchers will strongly affect the results and suggest
a program-wide success where the true impact of the program has
been extremely localized and limited. Further, relying on means
and standard deviations does not account for the speciﬁc distributions within each sample population, which could in theory lead to
comparison of very differently composed samples and introduce an
invisible bias. Finally, because selection into the treatment group
was not random, there may be signiﬁcant selection bias: while our
treatment and control groups appear similar before the treatment
in terms of qualities we can measure, those selected may simply
be better across non-observed metrics, which will lead to greater
success in the future.
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To remove this potential selection bias and increase our conﬁdence in the DID analysis, one can use covariate matching
techniques where instead of comparing the mean outcomes (as
above) one matches up sub-samples of the treated and control
population (either smaller groups or individuals) in terms of
their pre-treatment covariates and then calculate the total effect
of the treatment as the average treatment effect between these
matched sub-samples. This matching process is primarily focused
on reducing the difference between the covariate distributions for
the treatment and control groups, sometimes called “imbalance.”
Matching techniques add a more ﬁne-grained comparison between
the two samples analyzed via DID, ensuring similarity in terms of
make-up and thus improving comparability (Rubin, 1980). On the
downside, matching tends to discard a (potentially large) number
of data points from the treatment group when there is no control
group match present for them, which limits the overall sample size
and at times the representativeness of the now-reduced treatment
cohort. In practice, one has to consider these trade-offs carefully on
a case-by-case basis.
Here, we use two different matching techniques with different degrees of restrictiveness in addition to standard (full-sample)
DID, which will allow us to interpret results across three different
methodologies and draw more robust conclusions. The two matching techniques we apply correspond broadly to the two main types
of matching found in the literature. The ﬁrst one, Propensity Score
Matching (PSM), is a so-called Equal Percent Bias Reduction (EPBR)
method, ﬁrst coined by Rubin (1976). EPBR focuses on reducing bias
across all covariates simultaneously, which is particularly important in cases where we do not know anything about the relative
importance of covariates (or we don’t want to make any assumptions about their relative importance). PSM in particular − a widely
used and accepted method for drawing causal estimates of effect
size (Dehejia and Wahba, 2002) − calculates a single (composite)
propensity score for researchers to be assigned to the treatment
group based on their observable pre-treatment covariates, and then
matches up researchers in the treatment and control group that
have similar propensity scores. The individual propensity score is
the coefﬁcient of a probit estimate of being selected into the treatment group based on ﬁve observable pre-treatment covariates (cf.
section Assembly of the dataset).
While PSM decreases the imbalance between our treatment and
control groups and theoretically lowers the selection bias, the use
of a propensity score can in theory lead to comparing empirically
dissimilar researchers who have similar propensity scores and are
matched together. For instance, two researchers could be matched
with very similar average number of publications, journal impact
factor and citations, differing only in their scientiﬁc domain. However, because publication patterns can be so different between
ﬁelds, when compared to their within-ﬁeld peers we might see one
as very productive for their ﬁeld and another as not very productive.
To avoid this error, we turn to our second matching procedure.
Coarse exact matching (CEM), secondly, is a so-called
Monotonous Imbalance Bounding (MIB) technique, which have
only been introduced fairly recently. MIB methods focus on not
exceeding an ex-ante limit on the amount of imbalance between distributions of pre-treatment covariates of the treatment and control
groups. For CEM in particular, we temporarily coarsen covariates
into larger bins and then sort researchers into strata where they
are exactly matched for all coarsened covariates (Iacus et al., 2011,
2009), as opposed to matching researchers based on one composite
score. Subsequently, we eliminate any strata that do not contain
at least one treatment and control (where no matching is possible), and then match treatment and control data in each stratum.
CEM (and MIB more generally) discards even more data that might
otherwise be matched with other matching methods.
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4. Assembly of the datasets
Our MPP assessment applies the afore-described DID approach
in conjunction with bibliometric analysis. We started by assembling the treatment group by selecting all (Portugal-based)
researchers who were ofﬁcially part of the program. We then
assembled a control group by identifying all researchers in the
same departments at the same Portuguese universities who were
not afﬁliated with the program, dropping any who were no longer
actively publishing in 2014, using afﬁliation with the same academic departments at the same universities as proxies for similar
levels of excellence. We then manually checked both treatment and
control groups to conﬁrm that each researcher was not included
in any of the other major international partnerships with foreign
universities that Portugal maintains. We then custom-tailored the
data set by dropping control-group researchers until our treatment and control groups had similar distributions with regard
to four observable pre-treatment covariates: average number of
publications (as a proxy for productivity), average impact factor
(a proxy for quality), average number of citations per article (a
proxy for visibility), and the number of years a researcher has been
publishing (a proxy for “seniority”). We also control for academic
discipline by collecting our control group from the same academic
departments as the control group, and grouping these researchers
into the same four focus areas as MPP-participants: Sustainable
Energy Systems, Bioengineering Systems, Transportation Systems,
and Engineering Design and Advanced Manufacturing. For the purpose of this study, this warrants that the only major difference
between the two groups was whether researchers participated in
MPP or not, thus controlling for any systematic bias in outcomes
(including “hand-picked” program membership) between different universities, ﬁelds/departments, and individuals. We of course
acknowledge the limits of our proxies: “High impact research”
could be deﬁned in many different ways (with differences between
scientiﬁc ﬁelds), many all of them qualitative in nature and not
captured by publication data. Yet, in following the goals for the partnership as expressed by the government, and recognizing that most
institutions and governments today, including that of Portugal, use
a combination of these metrics to monitor research activity, we
decided to utilize these proxies. Further, there could be some systematic bias that the qualitative selection into the program captures
when choosing between two researchers in the same departments
and with the same pre-treatment covariates. There are certainly
differences between researchers that will not be captured by our
quantitative techniques. However, further work on limiting selection bias will have to either incorporate qualitative information
or develop novel quantitative metrics or predictors of future productivity of each researcher. While both of these improvements
would strengthen this method, and would be valuable follow-up
work, they are outside the scope of this paper. From this process,
we obtain our dataset of a total of 354 scientists: 234 researchers
afﬁliated with MPP (treatment) and 120 non-afﬁliated researchers
(control).
We manually collected all of these individuals’ conference publications, articles and books (or book chapters) from both the Web
of Science and Scopus databases. We then combined and crosschecked these two databases, removing duplicates that appear in
both. In cases of name ambiguities, we manually consulted the CV
or Google Scholar curated proﬁles for each person to select the
right publications. When name disambiguation was not possible,
we removed the individuals from the sample group (leading to 12
MPP-afﬁliated researchers being dropped from the sample). We
did not restrict our data collection to any speciﬁc time period, and
therefore collect data from each researcher’s entire career. However, since MPP was launched in 2006, we consider our treatment
period ranging from 2007 to 2013, the latter being a data-imposed

cut-off as the program is still ongoing. We further observe that the
‘parallel trends assumptions’ holds true for the pre-program period,
whereas a signiﬁcant difference in slope can be detected after 2006.
We then assemble two alternative control groups from the manually compiled control group using the afore-described statistical
matching techniques PSM and CEM. For PSM, the propensity score
is calculated using a probit estimate of being selected into the
treatment group based on ﬁve observable pre-treatment covariates − the four publication characteristics (productivity, quality,
visibility, seniority) as well as topic area (categorized by the four
broad topic areas deﬁned by the program itself). We investigated
other covariates (such as h-index or cumulative measures of output) but found them to be tightly correlated with other metrics and
not useful for matching. In the PSM analysis, we use a very strict
caliper of 0.20, in order to draw stronger causal connections. Each
treatment researcher is compared to their nearest-neighbor control
researcher in propensity-score space (Cochran and Rubin, 1973). A
moderate fraction of treatment and control researchers is dropped
in this case, and we now compare 213 treatment researchers (92% of
original) to 74 control researchers (62%). The descriptive quartilequartile plots for this matching can be seen in Fig. 1a and b, where
we see large improvements in the imbalance over our unmatched
data.
The use of CEM reduces the sample even further, to 57 treatment researchers and 61 control researchers. While this discarded
data makes the CEM analysis less representative of the entire program under evaluation, there is extremely little bias between the
treatment and control (seen in Fig. 1c) and we can make very
strong causal claims. We also include the effect sizes between our
unmatched DID treatment and control for two reasons. First, while
we acknowledge that this sample could be signiﬁcantly biased, an
unmatched DID comparison is the only method that allows for an
evaluation of every researcher who receives treatment. As we move
from Unmatched DID to PSM to CEM each method draws stronger
causal claims than the previous method at the expense of representativeness of the evaluated group. Second, in an effort to keep with
the fourth principle laid out in the Leiden Manifesto, we believe
this helps “keep data collection and analytical processes open and
transparent” (Hicks et al., 2015). In this way we hope to head off
one possible critique of matching methods, where one could selectively tune their matching algorithm to discard data points in order
to achieve a “desired” result. Indeed, in Table 1, where we summarize the means and standard deviations of each pre-treatment
covariate for all three methods, while we see no statistically signiﬁcant differences at p < 0.05 between our unmatched treatment
and control groups, we do see that across all covariates, the mean
of our unmatched treatment group is larger than that of the control group. We have not included the dummy variables for the four
focus areas in Table 1 for lack of an intuitive comparative meaning.
Fig. 1 shows quantile-quantile plots comparing the distributions of our four matching covariates for the treatment and control
groups. Quantile-quantile plots are a less intuitive method of
graphically comparing two distributions than simply comparing
histograms, but are more powerful and avoid issues around the
bins sizes of histograms. To construct a quantile-quantile plot data
points are placed where they lie in the quantiles of both data sets
(where the quantile is the fraction of the dataset that takes a lower
value than the given value). The axes show the range of values for
each dataset, from minimum to maximum value. For example, a
point that sits in the 0.4 quantile of one data set (where 40% of the
data points are lower than it) might be at the 0.3 quantile of the
other data set (where only 30% of the points are lower than it). If
the datasets are similar, the points will fall along the 45◦ line, where
the quantiles of all points are the same in both datasets. We ﬁnd
that our control and treatment groups become indeed more similar
as we move from DID to PSM to CEM, as indicated by how closely
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Fig. 1. Quantile-Quantile Plots of the a) unmatched data, b) matched data under PSM and c) matched data under CEM.

Table 1
Mean and Standard Deviation of Pre-treatment Covariates under matching.

Productivity
(articles per year)
Quality (average
impact factor)
Visibility (average
citations)
Seniority (years
publishing)

Raw Treatment
Mean

Raw Control
Mean

Unmatched
Mean Difference

Standard
Deviation

PSM Mean
Difference

Standard
Deviation

CEM Mean
Difference

Standard
Deviation

1.3513

0.7740

0.5773

1.0855

0.0397

1.1592

−0.0998

0.5907

2.1145

1.3910

0.7235

1.4189

−0.0531

1.4642

−0.0326

1.0265

18.7147

12.3136

6.4011

17.3444

2.4406

15.7320

−0.5096

7.9272

12.6793

9.0200

3.6593

9.4964

−1.0469

11.4003

−0.3594

7.6416

points fall along the 45◦ line. At the same time, we see that the sample size drops and the number of outliers is drastically reduced.
This validates our strategy of reporting the outcomes of all three
methodologies alongside each to demonstrate both the robustness
and transparency of our results. We will note that there are still two
main selection biases that may have small effects on our treatment
group. First, English Language proﬁciency may have been a large
barrier to full participation and while there was no explicit test or
requirement, it may have affected self-selection into the applicant

pool of MPP. Secondly, due to this self-selection into the MPP applicant pool, Treatment researchers may have been more interested
in moving their research into one of the MPP focus areas, leading
to a sample more likely to move research interests than our control
group.
We now construct an egocentric network for our treatment and
control groups for each of our three groups (unmatched, PSM and
CEM) cumulative over the entire time period of interest. Links are
determined by co-publication in journals articles, conference pro-
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Table 2
Descriptive Network Statistics.

Number of Authors (nodes)
Clustering Coefﬁcient
Connected Components
Network Diameter
Network Radius
Characteristic Path Length
Avg. Number of Neighbors
Network Density
Network Heterogeneity

Treatment (MPP)

Control

21815
0.831
51
10
1
4.226
11.160
0.001
2.187

7710
0.821
20
9
1
4.175
10.116
0.001
1.767

ceedings and books. Accounting for co-authors of members of the
treatment and control group, our treatment network contained
21815 unique authors with 89128 collaborative links between
them, and our control network contained 7710 unique authors
with 38999 collaborative links. While the size of these networks
are quite different and reﬂect effects from both the pre-treatment
period (where the collaboration networks are very similar) and the
treatment period, one can observe a strong similarity between the
descriptive statistics of network structure, summarized in Table 2.
In particular, we see very similar clustering coefﬁcients (the probability that a node’s collaborators are also collaborators with each
other) and average path lengths. Further, these high clustering and
low average path lengths are indicative of the small world networks we typically see in this type of scientiﬁc co-authorship data
(Newman, 2001; Watts and Strogatz, 1998).

our conﬁdence on the matching techniques, this impact is indeed
sizeable.
One concern of such an increase in research output quantity is
that it may come at the cost of quality. This concern, however, is
not conﬁrmed; on the contrary, in row 2 we see a simultaneous,
statistically signiﬁcant increase in impact factor of between 0.84
and 1.78, which for the matching techniques amounts to a relative
increasing of 91% (PSM) and 108% (CEM), respectively.
Further, as shown in row 3, we see an increase in the number
of citations MPP researchers receive compared the control group,
again with a huge jump in effect size when moving from DID
(2.42) to matching techniques (6.20 for PSM, 6.21 for CEM). For
the latter, this amounts to a relative increase of approximately
124%. While this is not controlled for self-citations, it is clear
that the program signiﬁcantly increases the production of visible,
high-impact research by afﬁliated researchers. We note that the
observed increase in impact factor and citation may be partly artiﬁcially inﬂated by the inclusion of “large-name” MIT professors
as co-authors, which may potentially inﬂuence journal acceptance
rates (Lee et al., 2013; Ross et al., 2006) or disproportionally raise
visibility. Yet, this outcome was partly intended by the Portuguese
government and does not detract from the size and signiﬁcance
of the effect on the publication statistics of the participating institutions and units. An interesting follow-up question is therefore
whether this relative increase of MPP-afﬁliated research over their
peers can be maintained over time beyond the duration of the program, which we hope to address in future research.
5.2. Empower a new generation of scientists

5. Results
Here we report the results of our analysis, organized by the
ﬁve MPP policy goals we are seeking to evaluate. We summarize
our ﬁndings in Table 3. The ﬁrst column of this table shows the
baseline performance of our control group during the treatment
period in each dependent variable, which will give the reader a
sense of magnitude for the effect size of the program. We then
report the results from each of our three analysis techniques, both
the unmatched DID as well as the two different matching techniques. When observing these three techniques, recall that these
matching techniques are meant to remove biases associated with
our pre-treatment. Reading the table from the left to the right, the
results move from (potentially) more biased to less biased as we
move from unmatched difference-in-difference to PSM all the way
to CEM, but at the cost of representativeness of the program as
more data is dropped out of the sample. We present these results
over the entire treatment period rather than on a year-to-year basis
because the decreasing number of researchers as we change matching techniques increases the year-to-year volatility, making visual
interpretation of the results difﬁcult. However, to give readers a
sense of the temporal nature of the effects, small effects begin in
2008 with large impacts from 2009 to 2011 with effects falling off
2012–2014. The standard error of the mean is included in parentheses.
5.1. Conducting high-impact research
We measure this goal using research output, average impact
factor of journal publications, and average number of citations per
journal article as proxies. In the ﬁrst row of Table 3, we can see that
MPP-afﬁliated researchers produced between 0.42 and 1.26 new
articles per year above the control group, corresponding to a 13%,
31%, and 27% increase in their publication output for DID, PSM,
and CEM, respectively. Each of these effect sizes was statistically
signiﬁcant, leading us to conclude that MPP does have an impact
on the research output of afﬁliated researchers and that, if place

To tackle the second goal of MPP to support the up-and-coming
scientiﬁc generation of the country, we focus on two sub-groups
of our sample: those with a publishing record of less than four
years when the program began (which we take to be “junior faculty”), and those with more 15 years worth of publications (i.e. the
“senior faculty”). This analysis complements previous investigations into the effects of student and junior faculty training through
the introduction of new doctoral educational programs through
MPP or dedicated “enable-the-teachers” programs (Pfotenhauer
et al., 2013).
Rows 4 and 5 of Table 3 summarize the effects on these two
researcher sub-groups. It is important to note that there are large
standard errors associated with the PSM and CEM groups for both
young and old faculty. The matching process and further splitting
of the sample into junior, senior, and “other” leads to small sample
sizes where results can no longer be inferred with statistical signiﬁcance: for our junior faculty we have 29 treatment researchers
and 16 control researcher for PSM and 23 treatment researchers
and 21 control researchers for CEM; for our senior faculty we have
116 treatment researchers and 28 control researcher for PSM and
13 treatment researchers and 13 control researchers for CEM. This
illustrates one of the weaknesses in using PSM and CEM. Moreover, it is important to remember that our control and treatment
groups have the same distributions of pretreatment covariates as
a whole, not within these subgroups. Accordingly, there are certainly qualitative differences between the unmatched subgroups
and PSM subgroups respectively. We do report these ﬁndings here
for our measures of productivity only because, while inconclusive,
we think they are indicative of an actual effect that we could capture
through large sample sizes.
Notwithstanding these statistical problems, we can see that
while the effect sizes are roughly equal in junior and senior faculty in absolute terms (0.472 and 0.767 additional papers per year,
respectively), the relative impact on publication output is quite
dramatic: While this represents a reasonable 15–50% increase in
publication output over the control group for senior faculty, for
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Table 3
Effect size of MIT Portugal Program on dependent variables under different matching techniques. Asterisks denote p-values of less than 0.05.
Unmatched
DID

Coarse Exact Matching
(CEM)

Propensity Score
Matching (PSM)

Baseline of
Control Group
(2007–2013)

Effect Size

Baseline of
Control Group
(2007–2013)

Effect Size

Baseline of
Control Group
(2007–2013)

Effect Size

Average articles per year

3.317

4.112

1.646

Average citations per article

6.218

Average articles per year (Junior Faculty)

1.103

Average articles per year (Senior Faculty)

4.785

Number of new Portuguese Coauthors

21.629

1.264
(0.272)*
1.776
(0.302)*
6.150
(1.830)*
1.002
(0.099)*
0.756
(0.547)
21.763
(5.007)*

2.582

Average impact factor per publication

0.425
(0.022)*
0.841
(0.025)*
2.428
(0.134)*
0.472
(0.162)
0.767
(0.356)
11.363
(2.112)*

0.701
(0.184)*
1.541
(0.373)*
6.212
(1.930)*
0.759
(0.199)
1.412
(1.012)
17.136
(3.116)*

junior faculty we observe a very large increase in publication output
of between 40 and 70% over the control group. Looking more closely
at the data, it appears that while senior researchers, who already
have an established collaboration network, can take advantage of
the program but at the expense of previously existing collaborative
links (i.e. they are “maxed out” already when entering the program), which explains the limited relative increase. On the other
hand, junior faculty can take full advantage of these new research
collaborations without deleting old productive links because they
do not have many previous collaborators. These ﬁndings are consistent with self-reported effects observed in interviews carried out
in the context of (Pfotenhauer et al., 2013), which indicate that the
impact of participating in the partnership is indeed considerably
higher on junior researchers as they experience a “jump-starting”
of their career. This is consistent with ﬁndings by Lee and Bozeman
(2005a,b).
5.3. Encourage Portuguese universities to work closer together to
build domestic research clusters with critical mass
We have operationalized this goal in two ways. First, we measure how many new domestic research partners each researcher
acquired during the treatment period. We display the average
number of new Portuguese coauthors over the 7-year analysis timeframe in row 6 of Table 3. Over that period, we see large increases
in new domestic research partners of between 50% and 100%
depending on the analysis technique. These ﬁndings are particularly striking when considering that as a small country, Portuguese
researchers have one of the highest rates of collaboration in the
world already (Glänzel, 2001). Note that at least some of these
new coauthors are likely additional student researchers available
because of an inﬂux of MPP funding. However, the observed effect
cannot be solely attributed to additional students from additional
funding: since 2006, 2534 unique new Portuguese collaborators
were added to the network and there have only been 371 doctoral
students in the program.
Second, we assess how institution-level collaboration patterns
have changed over time before and after the launch of MPP as
a result of individual-level collaboration. For this analysis, we
used the data acquired through PSM matching, as it represents a
middle-ground between restrictiveness (i.e. bias compensations)
and representativeness (i.e. inclusion). Fig. 2 shows the differences
in research connections by MPP participants relative to the control
group and over two different periods of time: 2001–2006 (Fig. 2a)
and 2007–2012 (Fig. 2b). For the understanding of this graph, it is
important to recognize that it is not a depiction of the total number
of connections, but indeed of differences in connectivity between

1.950
7.399
1.465
5.335
23.323

1.420
5.037
1.156
2.754
16.632

treatment and control. Here, the thickness of the links between universities is a function of the number of standard deviations that the
treatment group is above (or below) the equivalent control group
connection, and the color of the link represents the sign of that
difference (with black representing more connections than the control group and red representing less connections than the control
group).
We can see that prior to the onset of MPP (Fig. 2a), collaborations
patterns are roughly equivalent between our treatment and control
groups, with all but two links falling within one standard deviation
(the exceptions being between the Universidade de Coimbra and
the Universidade do Minho, and between the Universidade Nova
de Lisboa and the Universidade of Lisboa). As expected, the network also contains several links where the treatment group-to-be
is institutionally less strongly connected than in our control group
(indicated by the red lines). In contrast, Fig. 2b shows the connections between universities from 2007 to 2012 (the ﬁrst ﬁve years of
MPP), where we see a tremendous increase in the number of intraPortuguese connections for the MPP-afﬁliated group compared to
the control group. Most university–university connections are now
two or three standard deviations above their control group counterparts, indicating vastly more collaboration between the afﬁliated
departments at these universities. Most interestingly, there is no
observable correlation between the strength of connection before
and during the program, where one might expect that all collaborative ties will grow but where there were stronger initial connections
ties would grow more readily. In fact, the strongest tie − the link
between Universidade de Lisboa and Universidade do Porto − was
formerly negative.
5.4. Encourage Portuguese collaboration with MIT
Our fourth goal analyzed here is to increase Portuguese collaborations with MIT faculty. These collaborative links can also be seen
in Fig. 2. The data shows that we equally see a relative increase
in number of collaborations between Portuguese institutions and
MIT vis-à-vis the control group, with roughly one standard deviation increase for all program-afﬁliated universities. This increase
is moderate compared to the new collaborative ties established
between Portuguese universities. Yet, it is precisely in line with
the intention of the Portuguese government to use MPP primarily
as a “glue” or convening authority among Portuguese universities
to overcome traditional patterns of insularity and isolation, and
support critical mass formation through increased national collaboration. While the change in tie strength with MIT is less striking
than the domestic changes in tie strength, it also suggests that many
of the domestic relationships formed as a result of the program
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Fig. 2. Collaboration patterns between MPP afﬁliated universities for the ﬁve years previous to MPP (a) and ﬁve years during MPP (b). The weight of each line represents the
number of standard deviations above (black) or below (red) the control group. (Please refer to the web version of this article for color ﬁgures.)

might be not dependent on the continued collaboration with MIT
in order to be sustained in the future.
We furthermore note that approximately half of the MIT collaborators were not afﬁliated with the program at the beginning. Yet,
interviews among program participants reveal that the informal
connections made as a result of participating in the program lead
to new introduction and collaboration opportunities, and that MIT
researchers who begin collaborating with Portuguese faculty are
often added to the program. There is evidence of further spillovers
into the collaborative network of MIT researchers, and future work
will focus on developing this evidence more deeply.

5.5. Shaping research directions
The ﬁfth objective MPP seeks to address is to actively shape the
research directions of participating researchers towards designated
priority areas. To address this goal, we evaluate the evolution of
publication activity of MPP-afﬁliated faculty in terms of their content − ﬁrst purely as within-subjects estimates (i.e. independent of
comparative DID developments among the peer group) to identify
relevant dynamics, then with consideration of the peer by way of
DID analysis.
As mentioned above, MPP has four designated focus areas −
Bioengineering Systems; Engineering Design and Advanced Manufacturing; Sustainable Energy Systems; Transportation Systems −
and we analyze shifts in publication patterns within those areas
separately. Here, we limit our discussion to two of these focus
areas (Bioengineering Systems, Sustainable Energy Systems), both
for reasons of data quality (i.e. limits on sample size for the other
two) and because of the Portuguese government’s explicit attempt
to shift research in particularly these domains. For example, prior
to MPP, Portugal had no major research enterprise in stem cell
research, and the program was designed explicitly to draw upon
MIT expertise to jumpstart activities in this ﬁeld. In contrast, in
transportation systems Portugal has traditionally had research
strength and less intention to shift research directions.
To evaluate changes in research focus over time, we use Content
Overlay Maps, a technique used to visualize the research output
of a country, university or other entity on a background “map of
science.” Originally developed to better understand the nature of
interdisciplinarity and evaluate how research topics shift over time
(Rafols et al., 2010), “maps of science” are generated by calculating
how close certain research ﬁelds are to one another through cocitations, shared co-references, or the number of common authors
publishing within each ﬁeld. These relationships are then ﬂattened
into a 2 dimensional space (or “map”). Here, we adopt a method
based on the citing relationships between 8860 journals, as outlined in Leydesdorff and Rafols (2012). Each journal is placed based

on the map according to how often articles cite articles from other
journals, measuring how much journals build upon previous work
done. We chose to utilize the “citing” approach throughout our
work, rather than “cited-by,” since there is no time dependence
(citing maps are constant for each year; cited by maps will constantly be evolving over time as ﬁelds change and in particular
draw lessons from other ﬁelds). Further, a “citing”-approach map
can measure instant shifts in year-to-year without lag or dampening, which allows us to measures quick changes in research focus,
which is of particular interest to us in this work. For these reasons,
the developers of Content Overlay Maps prefer this approach and
recommend its use over the “cited-by” approach (Leydesdorff and
Rafols, 2012). We show this background map of science in Fig. 3
together with a superimposed coordinate system, where each node
(journal) is color categorized by one of 19 clusters representing
topic areas.
We now deﬁne the center of research focus for each researcher
(analogous to a center-of-mass calculation), where we take the
average of all journal articles published in a year, located at different positions based on a map of science and weighted by the
number of publications by the author. We also deﬁne a radius of
research focus, deﬁned as the average distance away from this yearly
research focus that a researcher published in that year. For this,
we located each of the 19462 publications in our dataset by the
weighted average of the articles it cites, rather than simply locating
each publication by the position of the journal it appears in (which
can have a narrow or large focus, depending on the journal). We
choose this approach because citing patterns indicate the previous
literature that an article builds upon (i.e. which research area the
particular researcher feels familiar or comfortable with), which in
our opinion serves as a good correlate for “focus area.” We also note
that this approach dramatically decreased the variation in research
focus and radius year-to-year for researchers compared to the simpler measure of journal location. We also ﬁnd that our method
provides robust and stable results even for those researchers who
only published a few papers per year (where variation had been
previously been highest under the simple one journal methodology) and that nearly every researcher maintained a research radius
that was relatively constant. Where there were large changes in
research focus or radius, we conﬁrmed qualitatively that they were
coupled with a true shift in research focus.
Note that we initially tried to use a more common Content Overlay Map technique based on the number of co-citations between the
225 Web of Science categories (formerly the 222 categories), where
journals are assigned to these subject categories by citations patterns and expert judgment. We found very abrupt changes in both
research focus and radius from year to year, particularly in the cases
of those researchers who only published a few articles per year.
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Fig. 3. Map of Science. The distance between journal pairs (nodes) is proportional to the number of co-referencing between them and colors are based on ﬁt within 19
different clusters representing topic areas.

Interviews with a few of these researchers, along with qualitative
reviews of their CVs, DID not conﬁrm abrupt year-to-year changes
that the method seemed to detect, which is why we discarded this
coarser approach.
We now overlay the production of each afﬁliated researcher (i.e.
the circular area covered by the radius of research focus centered
on the center of research focus) onto the background “map of science” and visualize the cumulative density of research production
for our two topic areas of interest over time, resulting in a number
of time-resolved “heat maps” (Fig. 4). Note that there has been no
smoothing of year-to-year variations, as we are trying to investigate the dynamics of change in research focus. It is also important
to consider that while it may be tempting to use these metrics to
quantitatively study changes in researcher focus radius, average
distance between researchers, and so on, this would be improperly using this Map of Science. As (Rafols et al., 2010) note, these
relationships are originally multidimensional and ﬂattened to 2dimensions, leading to many potential “correct” maps where the
distance between each journals will change. Consequently, we are
much more focused on observing changes in research focus (and the
overall ﬁelds of those changes) rather than speciﬁcs of spreading
and distance.
Fig. 4a shows the evolution of research focus of researchers afﬁliated with the Bioengineering Systems focus areas over the last 12
years in intervals of 3 years. We observe that from 2001 to 2007,
we see little change in research focus, with researchers remaining centered around one major topic area, which we can broadly
deﬁne as basic biology research. Subsequently, from 2007 to 2013,
we observe see a diversiﬁcation of research activities towards two
pronounced, new research areas, accompanied by an abandoning
of the old topic area. On the background map of science, we can
identify these two new areas (roughly) as biochemistry (with some
applied medical research) and bioengineering/stem cell engineering
− noting, however, that such labels based on journal outlets should

be taken with a (relatively large) grain of salt. Yet, the observed
dynamics in principle match the intended program effects.
Fig. 4b tells a different story of change in research focus for the
Sustainable Energy Systems faculty. Up until 2007, we see relatively little change in research patters; however, starting in 2010
we see a spreading out of the covered research areas to include new
domains such that by 2013 the former tightly clustered research
space has spread out and spans almost an entire sector of the
research map. However, unlike the Bioengineering Systems, not all
faculty move away from their previous research interests, which is
why the shift appears in the form of an expansion of the original
center rather than two separate foci. Again, we can broadly categorize these developments according to publication outlets: Starting
from a center around Energy Systems (which has been a focus since
the beginning), we see a gradual expansion into Environmental Science and Transportation Systems (which are new areas of scientiﬁc
engagement). Again, this points to a potential effect in agreement
with stated program goals, as embodied by key projects around
sustainable energy solutions and integrated energy-transportation
systems such as in the Azores project.
These observed dynamics point out regions of interest where
one can look for potential program impacts. To validate that these
dynamics are indeed attributable to MPP, we now take an additional
step and compare them to parallel developments in the control
group, trying to distinguish MPP effects from broader trends in the
ﬁeld that might lead to similar shifts in research focus.
Fig. 5a & b show the difference-in-differences of publication
activity on the map of science between treatment and control group
when moving from 2007 to 2010 (the most important step for
observed changes) for the Bioengineering Systems focus area and
Sustainable Energy Systems focus area, resepectively. We emphasize that, to the best of our knowledge, this is the ﬁrst time that a
DID approach has been used for Content Overlay Maps. Here, the
red scale indicates different degrees of relative increase in research
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Fig. 4. Heat map of research activity for two MPP focus areas in three-year steps: (a) Bioengineering Systems and (b) Sustainable Energy Systems faculty. The coordinate
systems (grey lines) correspond to the background map of science (Fig. 3). The ‘treatment period’ (MPP launch) begins in 2007 (red line). (Please refer to the web version of
this article for color ﬁgures.)

Fig. 5. Difference-in-Difference between 2010 and 2007 ﬁelds of publication for the (a) Bioengineering Systems and (b) Sustainable Energy Systems Focus Areas. Areas in
red denote more publishing by the treatment group in 2010 than in 2007, normalized by changes in control group publishing over the same time period, while areas of blue
represent less publishing in 2010 than 2007. (Please refer to the web version of this article for color ﬁgures.)

activity of the treatment group from 2010 to 2007 that was not also
seen in the control group over that time, and the blue scale a relative decrease. That is, the graph thus shows a true DID-version of
a content overlay map for two sample populations. In agreement
with the above-discussed patterns, we ﬁnd that the observed shifts
represent indeed a trend that is seen in MPP-afﬁliated researchers
only, who shift their research focus along the identiﬁed axes. For
Bioengineering Systems (5a), we observe the emergence of two distinct new foci (red/yellow) and a simultaneous abandoning of the
original area at the center (blue), demonstrating that there is no corresponding trend for the control group. Likewise, for Sustainable
Energy Systems (5b), we observe a shift towards new publications in environmental science and/or transportation systems (red
areas), yet without a relative decrease in the original research focus
(almost no blue areas).
We conclude that MPP seems to have been successful in affecting the research focus of leading research groups in the country:
For both Bioengineering Systems and Sustainable Energy Systems,
the portfolio of research for program-afﬁliated faculty shifted recognizably, with new distinct areas of combined research emphasis
emerging, while no such trend is observed for the control group.
However, it is important to recall that while we have taken our
control groups from the same ﬁelds and academic departments, we
have not controlled explicitly for speciﬁc research focus and do not
explicitly have a counterfactual situation to work with. Selection
into, or application for, the MIT-Portugal program could have been
motivated by an individual researcher’s existing desire to change
research directions in the ﬁrst place and the program participation only acted as a vehicle for this change. Accordingly, we have
no way of disentangling the causal direction here: the observed

change in research focus could result from “pull” from funding
and opportunities that come with MPP-afﬁliation; from “push” into
new ﬁelds that drove self-selection into application to the program;
or a combination thereof. However, we note that again that part of
the motivation for the government to initiate the program was to
jumpstart research in certain priority areas where Portugal did not
exhibit signiﬁcant research activity before (e.g. stem cell research).
From an evaluation perspective and notwithstanding the causal
direction, this goal was achieved.
6. Discussion and conclusions
In this paper, we investigated the impact of one large-scale
national “ﬂagship” research policy initiative − the MIT Portugal
Program − that sits in the crossroads of four major current policy trends: university-centrism, collaboration, internationalization,
and growing complexity. Our aim was to evaluate the partnership,
to the extend possible, ‘on its own terms,’ tackling three structurally
oriented, architecture- and context-speciﬁc program goals along
two more conventional ones. To that end, we developed a customtailored mixed method approach that combines network analysis,
system architecture analysis, difference-in-difference (DID) program evaluation and statistical matching techniques. We used
publication data from the last 20 years to analyze changes in
publication and collaboration behavior of participating and nonparticipating (peer) researchers before and after the partnerships
commenced. To ensure comparability, we assembled the control
group from the same departments at the same universities and
compared them to our treatment (MPP) group, controlling for
ﬁve criteria − comparable levels of seniority, comparable pre-MPP
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productivity, comparable quality, comparable visibility and comparable research areas − and reducing potential selection biased
through two matching mechanisms, Propensity Score Matching
and Coarse Exact Matching.
This research has a number of broad policy implications. Overall,
we ﬁnd strong evidence that the MIT Portugal Program has indeed
had a large impact and achieved many of its idiosyncratic program
objectives. In terms of research productivity, we ﬁnd that MPPafﬁliated researchers produce between approximately 15% to 30%
more articles than the control cohort while still increasing the quality (impact factor) and visibility (citations) of their publications.
While this increase is an encouraging sign, one important question remains outstanding around the sustainability of this increase
long term. One encouraging ﬁnding on the long-term impact is the
relatively larger impact for junior faculty, for whom MPP participation amounts to a “jumpstarting” of their research career. Even
if future long-term studies ﬁnd that direct effects from collaboration with MIT fall off quickly after a partnership ends, increasing
researcher visibility within the ﬁeld early in their career could lead
to signiﬁcant feedback mechanisms, reinforcing early leads with
funding, offers of co-authorship and so on. This underscores that
the program was indeed successful in “training a new generation
of scientiﬁc leaders” and adds to previous evidence around student
performance (Pfotenhauer et al., 2013). While we see a larger effect
on junior faculty from this partnership, we would caution policymakers in taking this as evidence advocating for programs targeted
speciﬁcally at young researchers: the mechanism by which junior
researchers increase their output could be solely from collaboration with MIT researchers, but could also be due in a large part to
new collaborations domestically with other participants.
In particular, our ﬁndings around changes in collaborative network are very interesting for policymakers. We observed that MPP
had a vast effect on domestic institutional collaboration patterns
and intensity and, in particular, was a vehicle for addressing a longstanding concern of the Portuguese government about traditional
patterns of institutional isolation, competition, and lack of collaboration. Interestingly, we see a much more moderate increase with
collaboration activities between Portuguese institutions and MIT,
which we take to indicate that all of these new intra-Portugal collaborative ties are not solely dependent on MIT to take place. In
essence, this work has shown that the deliberate intervention into
the “natural” progression of a collaboration network is possible
and, perhaps most importantly, that such changes can persist over
time. Particularly amongst new ﬁndings that show that collaborative network can be a strong predictor of future success (such as
(Bertsimas et al., 2015) demonstrated around tenure decision), this
work raises an important discussion around the ethics of nations,
regions or even particular institutions deliberately intervening in
the collaboration network of a researcher in order to increase their
future output. Further case studies where similar programs have
been concluded will be necessary to explore questions around the
persistence of such collaborations without an external forcing function. Future case studies will also be able to examine if a large
increase in collaborations could be idiosyncratic to this one case,
where domestic researchers had a history of under-collaboration
making it ripe for such an intervention, or if this is an outcome
across other such international partnerships.
Our research demonstrates that large-scale international partnership like MPP can be utilized to shape the research focus of
leading researchers and institutions. Inﬂuenced by collaborations
with their MIT counterparts, Portuguese research teams at top universities were observed to migrate (on average) to new domains.
Further study will have to be conducted to determine if these
changes will be lasting or if this was simply a temporary shift on
the part of researchers to “follow the money.” This work is limited
by the self-selection into the program (by choosing to apply for the
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program in one speciﬁc focus area) where treatment researchers
may have been more biased towards shifting their research priorities in the direction of the program. Accordingly, there remains
an outstanding question behind the mechanism responsible for
changing these research topics, and if it is possible to change
the research priorities of a nation, region or university with such
a research policy tool without the prior interest of participating
researchers. Finally, this case study has been focused on the impact
on Portuguese faculty but there are a number of interesting questions surrounding the impact on participating MIT faculty, which
we hope to address in future work.
Our study of MPP also breaks new methodological ground for
policy analysis of complex collaborative research policy initiatives,
in a number of ways. First, DID analysis is scarcely used in bibliometric studies. Here, we demonstrated the potential of such DID,
when used together with both covariates matching techniques to
properly assemble comparable control groups, to assess relative
shifts in network formation and publication patterns. While matching techniques may seem like a “black box,” where the results are so
opaque as to be untrusted, we believe that we have demonstrated
that such an evaluation can be done authentically and transparently. Second, our research combined for the ﬁrst time Content
Overlay Maps (“maps of science”) with DID analysis, demonstrating
how changes in research focus can be traced against the background
of a peer group of researchers. We hope such maps can be used as
an intuitive method for representing changes in research priorities
more broadly amongst the policymaking community. Future work
in this case could focus on multidimensional mapping of research
focus, allowing a strong quantitative look at developing important
metrics such as distance between researchers, areas of overlapping
expertise and changes in research focus, each of which were limited by our reliance on our two-dimensional projection. Third, our
approach treaded a ﬁne line between inclusiveness and representativeness in treatment-control comparison on the one hand, and
progressively restrictive eradication of remaining selection biases
via statistical matching techniques on the other. We show that all
three approaches lead to consistent results, leaving to the reader
the choice which information she prefers. One interesting observation in this work is that unmatched DiD results nearly always
demonstrated the smallest average effect, PSM the largest and CEM
somewhere in between. At the same time, PSM also produced the
largest average baseline outcomes of the control group, indicating
that this effect was not simply a byproduct of the highest performing researchers being discarded under PSM. While we suspect
that this result is idiosyncratic of our particular dataset of treatment and control groups, this pattern could also be a function of
our utilization of a very small “caliper,” or maximum distance in
propensity score away matched are allowed to happen. Future work
on a number of different cases studies will ﬂesh this relationship
between average effect size and matching methodology. Finally,
we derived program goals using a systems architecture perspective, which focuses the attention on structural goals embedded in
program architecture and shaped by social, political, and historical
context.
Future work will strive to explore this line of inquiry further
by studying the relationship between different program architectures and network formation as well as institutional and cultural
change using cross-case comparisons across a number of case studies of complex international research partnerships. For example,
what inﬂuence does the consortium structure (including multiple
Portuguese universities) of MPP have compared to, say, a classical bilateral partnership structure? How does the level of maturity
of the Portuguese science and innovation system − its starting
point and most recent evolution − exert inﬂuence on network
structure? Such an understanding would help policymakers design
future partnerships and will begin to illuminate the mechanisms
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behind the impact of such programs. Any quantitative comparative study, however, will have to be complemented by dedicated
qualitative analysis into the policy context that gives rise to, and
limits, speciﬁc complex initiatives. This work has already begun,
most notably in (Pfotenhauer et al., 2016, 2013; Pfotenhauer and
Jasanoff, forthcoming-a, forthcoming-b; Pfotenhauer 2016), and we
expect future work to combine both a qualitative and quantitative
perspective. This would also provide a complement to studies of
the impacts of different organizational practices on collaboration
in university-industry contexts (Siegel et al., 2003), and to studies of different national knowledge cultures and their idiosyncratic
forms of institutionalization (Jasanoff, 2005, 2004).
We believe that MPP is by no means a one-off exception
(although its architecture is quite unique). Rather, it is representative of a new generation of structurally custom-tailored, large-scale
policy initiatives with a focus on capacity building through international collaboration, anchored at leading national and international
universities. In this environment, our study of MPP and the methodological developments underwriting it offer a way forward for
program evaluation of complex policy initiatives, recognizing that
evaluation is an equally complex tasks that needs to pay attention to idiosyncratic, oftentimes structurally oriented objectives of
national ﬂagship initiatives.
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