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Abstract
In this paper we investigate the micro-mechanisms governing structural evolution and performance of scientific
collaboration. Scientific discovery tends not to be lead by so called lone ?stars?, or big egos, but instead by
collaboration among groups of researchers, from a multitude of institutions and locations, having a diverse knowledge
set and capable of tackling more and more complex problems. This prose the question if Big Egos continues to
dominate in this rising paradigm of big science. Using a dataset consisting of full bibliometric coverage from a Large
Scale Research Facility, we utilize a stochastic actor oriented model (SAOM) to analyze both network endogeneous
mechanisms and individual agency driving the collaboration network and further if being a Big Ego in Big Science
translates to increasing performance. Our findings suggest that the selection of collaborators is not based on preferential

attachment, but more of an assortativity effect creating not merely a rich-gets-richer effect but an elitist network with high
entry barriers. In this acclaimed democratic and collaborative environment of Big Science, the elite closes in on itself.
We propose this tendency to be even more explicit in other knowledge producing environments with more visible
boundaries and higher thresholds for collaboration.
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Big Egos in Big Science ?
Unlocking Peer and Status Effects in the evolution of collaborative
networks
Abstract
In this paper we investigate the micro-mechanisms governing structural evolution and
performance of scientific collaboration. Scientific discovery tends not to be lead by so called lone
‘stars’, or big egos, but instead by collaboration among groups of researchers, from a multitude of
institutions and locations, having a diverse knowledge set and capable of tackling more and more
complex problems. This prose the question if Big Egos continues to dominate in this rising
paradigm of big science. Using a dataset consisting of full bibliometric coverage from a Large
Scale Research Facility, we utilize a stochastic actor oriented model (SAOM) to analyze both
network endogeneous mechanisms and individual agency driving the collaboration network and
further if being a Big Ego in Big Science translates to increasing performance. Our findings
suggest that the selection of collaborators is not based on preferential attachment, but more of an
assortativity effect creating not merely a rich-gets-richer effect but an elitist network with high
entry barriers. In this acclaimed democratic and collaborative environment of Big Science, the
elite closes in on itself. We propose this tendency to be even more explicit in other knowledge
producing environments with more visible boundaries and higher thresholds for collaboration.
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INTRODUCTION
Many great discoveries are results of team effort and the significance of team
composition and collaboration has long been celebrated, but the antecedents to
collaboration and their relation to collaboration effects remain unexplored. Research
continues to demonstrate that creativity of all sorts predominantly stems from
collaboration: Collaboration allows individuals to join resources and tackle problems too
big for each of them, and through combination of their respective abilities and expertise,
individuals can tackle problems too complex for each of them alone. Collaboration in
knowledge production has evidently been increasing since the mid 1950es, and most
knowledge production, such as papers and patents, are now developed in collaborative
teams (Wutchy, Jones & Uzzi, 2007). Collaborative projects have more impact than
individual research (Wutchy et.al., 2007), with collaborations spanning organizational
boundaries presenting the highest average impact (Jones, Wutchy & Uzzi, 2008). But we
still know little of how network dynamics shape the structure of collaboration and
knowledge creation (Phelps, Heidl & Wadhwa, 2012; Ahuja, Soda & Zaheer, 2012).
Even though substantial amounts of literature elaborate on the intricate
relationship between performance, knowledge production and the network of
individuals, results are mixed and inconclusive (see Phelps, 2012 for an overview). One
potential reason for this could be the lack of longitudinal network analyses and of models
controlling for the inherent endogeneous networks mechanisms affecting collaboration
and performance. Actors choose their collaboration partners, and this in turn influences
and constrains their future performance and selection (Baum, Cowan & Jonard, 2010).
Thus network structure provides a powerful endogeneous force restricting individual
agency. The literature on network evolution and structure is dominated by intent on
reproducing the topological form of real world networks (e.g. Erdös & Rényi, 1959;
Watts & Strogatz, 1998; Barabási, 2002), and has largely ignored tradition in sociology,
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psychology and economics for regarding the behavior and characteristics of individuals.
Whereas literature on knowledge networks neglects the endogeneity of network
structure, literature on network structure evolution disregards individual agency. As a
result, essential questions regarding production of knowledge and its relation to
collaboration and performance remains to be addressed.

In this paper, we address the question of whether collaboration itself affects the
performance of the individuals, or if collaboration is simply a byproduct of high
performers being more attractive as collaborators. Second, we study the micro
mechanisms governing the choices made by individuals to engage in collaboration. We
employ an approach allowing us to model both the structural, nodal and behavioral
characteristics in the form of a variant of agent based modelling. Thus we are able to
represent network and behavior change as the result of dynamics driven by different
endogeneous tendencies and individual level agency. This allows us to analyze the
microfoundations of collaborative research, the mechanisms driving the observed
patterns of increased collaboration effort and pay-off. We unpack mechanisms behind
the observed stratification through a longitudinal study of the dynamics of individual
level tie formation. We investigate the governing dynamics of multi-institutional scientific
collaborations. To analyze the micro-foundations of research collaboration, we turn to a
setting purposefully set up to foster collaboration across organizational, institutional and
national borders: Large Scale Research Facilities. We consider LSRF a critical case for
testing tendencies in research collaboration as they are designed to facilitate boundary
spanning collaboration. Researchers are brought together, regardless of geographical,
organizational and institutional distance. Joining the facility is subject to application and
approval, and low performing researchers are seldom admitted. Thus, researchers at the
facility can rest (relatively) assure of their fellows possessing a decent level of skills.
3

Furthermore, LSRF are centered on instruments central to experiments, and we should
thus expect a relatively low knowledge spread. Qualitative studies of LSRF show one
purpose of joining these facilities is to be collaborative and to meet new collaborators
from different institutions and countries. In this literature, team formation is described as
rather democratic – i.e. not stratifying but cross-organizational and inter-disciplinary.
Consequently, we chose a LSRF, more specifically the Spallation Neutron Source (SNS)
and the High Flux Isotope Reactor (HFIR) located at Oak Ridge National Laboratories,
Tennessee as a critical case on which to test and further separate, the effects of network
endogeneous mechanisms and individual agency. If big egos exist here, we should expect
them to be predominant throughout many (scientific) fields and settings. We find that
especially the mechanisms of embeddedness, status and homophily (similarity in activity
and abilities) are main drivers of establishing team work. These individual level
mechanisms are the microfoundations for the creation of the inter-connected elite of
high performing researchers found in Jones et al. (2008). Second, we find no observed
status effect on performance, but instead a high significance of peer influence. This adds
to the body of literature not only on scientific collaboration, but also extends theory on
knowledge networks through the linking of causal mechanisms of actor's network
position, and local network structure to the network evolution and performance of
individual scientists.

THEORETICAL BACKGROU ND
Collaborative research has become the model per se in many fields of science due
to specific benefits: First, it facilitates division of work and the pooling of intellectual
expertise. Second, collaborating permits the accomplishment of projects that could not be
realized by a lone scientist (Katz & Martin, 1997). This can especially be seen in
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interdisciplinary studies or research involving specific instrumentation (Chompalov,
Genuth & Shrum, 2002). Collaboration increases the number of studies that can be
undertaken and sharing the workload increases the number of projects each individual
can embark upon. Therefore, collaboration increases the probability that an author will
see some parts of his/her work accepted for publication in a journal (Barnett, Ault &
Kaserman, 1988). Co-authored papers also present a higher quality than those which are
single-authored (Laband and Tollison, 2000), which leads to a higher average impact
(Wutchy et.al., 2007; Katz and Martin, 1997). The motivation for scientists to join forces
and collaborate can thus be seen as a product of necessity – in the form of division of
labor, and access to relevant knowledge and resources – and as the anticipation of added
output, impact and quality.

Next comes the question with whom to collaborate, in this paper we analyze how the
mechanisms of embeddedness, homophily and status guide choice of collaborators.
From a relational perspective one of the selection mechanisms governing the choice of
collaborators has long been ascribed to be contingent on the network of ties in which
people are embedded (Simmel [1922], 1955). Embeddedness increases opportunities for
social sanctions and thereby mitigates opportunism and conflict (Granovetter, 1985;
Uzzi, 1997). Nothing reassures as the recommendation of a potential collaborator by a
trusted third party (Burt & Knez, 1995;), similarity on observable dimensions also
inspires trust and favorable assessments (McPherson et.al. 2001), and collaborators are
often chosen based on homophily on observable dimensions (Hinds, Carley &
Krackhardt, 2000; Aarts and Dijksterhuis, 2000; McPherson, Smith-Lovin & Cook,
2001). Embeddedness and homophily both decrease uncertainty and establish
trustworthiness of potential collaborators (Granovetter, 1985), low uncertainty and high
trustworthiness in turn increase probability of successful collaboration. The tendency to
5

rely on embeddedness and homophily in choice of collaboration partners based on the
expectation that such partners will prove superior, can thus serve as a self-fulfilling
prophecy (Sorenson & Waguespack, 2006). Another common denominator found to
impact the choice of collaborators is that of status. High ability level collaborators are
generally desirable as peer effects improve the joint output of the collaboration. Studies
of peer effects in parallel execution of routine tasks (Falk and Ichino 2006) as well as in
more complex team production settings (Bandiera, Barankay & Rasul, 2010a;2010b)
illustrates that peers influence norm establishment and compliance levels and through
these mechanisms affect performance levels. But as information on ability levels is
seldom readily available, agents must rely on signals such as collaboration activity level
and past performance.

Previous studies has thus presented evidence of the individual motivations guiding
collaboration, and in this paper we address how these motivations are embedded in an
evolutionary process of scientists collaborating in scientific networks. The importance of
scientific networks can hardly be overstated. Extensive literature has dealt with the role
of knowledge networks in science, research and innovation. Knowledge diversity
facilitate innovation through recombination (Galunic & Rodan, 1998), and positions in
the knowledge network as well as the number of co-authors affect scientific production
and impact (Wuchty et.al., 2007; Abbasi et.al., 2011). Distance in terms of knowledge
fields, organizational or institutional affiliation have been shown to both impede
collaboration and improve collaboration outcomes. For low innovation level projects, the
challenge of integrating different perspective is disruptive, while highly innovative
projects benefit from the diversity of knowledge to recombine (Bercovitz & Feldman,
2011). A common factor characterizing these studies is an emphasis on how knowledge
networks facilitates the creation, transfer or adoption of knowledge (Phelps et.al., 2012).
6

Less attention has been paid to understanding the endogenous nature of network
emergence and evolution, and how it affects performance (Ahuja, Soda, & Zaheer, 2012).
Thus, recently, a literature stream has started to emerge with focus on using the dynamics
of the network to explain collaboration and performance. This research especially
address the macro-dynamics of networks e.g. how organizational fields evolve or the
extent to which knowledge flows are geographically mediated and is driven by concurrent
forces operating at the micro level (Powell, White, Koput & Owen-Smith, 2005; Azouley,
Zivin & Sampat, 2012). The focus on micro mechanisms is especially important because
agents usually are not able to cast their gaze across the entire network at one time. From
their localized perspective, they form ties and make decision based upon the intersection
with those that are socially proximate, socially visible or where they can tap into the
specific human capital that comes from collaborating with high perfoming alters (Robins
et.al., 2005; Azoley, Zivin & Wang, 2010). Thus, individual level perception affect
network structure and network structure affect the individual level perception. Analyzing
such microfoundations, while accounting for both exogeneous characteristics and
endogeneous network evolution, is consequently pivotal for understanding collaboration
choices and collaborative outcomes.

In the following sections we will present hypotheses related to agency driven as well as
network endogeneous mechanisms.
Revisiting the Matthew Effect
“The world is peculiar in this matter of how it gives credit. It tends to give the credit to already
famous people.” (statement by Nobel laureate in physics, Zuckerman, 1965, in Merton,
1988). This mechanism of social agents in which a favorable relative position becomes a
resource that produces further relative gains, was originally explained and termed by
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Robert Merton in 1968 as a means to explain variation in the advancement of scientists.
‘Nicknamed’ the Matthew Effect, this mechanism has been shown to have general
applicability for explaining the emergence and increase of inequality across many
temporal processes (DiPrete & Eirich, 2006). In general, the literature distinguishes
between two sub effects: Preferential attachment – the social status effect of highly
visible agents to become increasingly centralized in a network of agents - and cumulative
advantage – the positive effect of high social status on performance.
Preferential attachment refers to a network endogeneous tendency for each node
to have higher probability of – i.e. to prefer – to form linkages – i.e. attachment – with
prominent alters. On the nodal level, preferential attachment has been identified as a
governing mechanism for collaborative choice, both for individuals and firms. It has
been argued to guide many aspects of human behavior, from location choices of human
capital (Lorenzen & Andersen, 2009; Krugman, 1996; Christäller, 1933), to internet
browsing (Barabási & Albert, 1999), and choice of collaboration partners (Newman,
2002). On the structural level, the preferential attachment mechanism contributes to
highly unequal network structures with increasing inequality among nodes, and it has
been found to hold across settings and analysis levels. In their seminal paper, Barabási &
Albert (1999) use the notion of preferential attachment in their mathematical modeling
of graph evolution, finding a large correlation with real world networks, and thus
explaining the scale-free networks usually found in both collaboration and information,
e.g. citation networks.
The tendency for preferential attachment in ties formation has a counterpart in
productivity. The distribution of productivity among scientists is also highly skewed with
initially highly productive scientists maintaining or increasing their productivity while
scientist who produces very little produce even less later on (Allison & Stewart, 1984).
We content to see the preferential attachment mechanism as a result of agents perceiving
8

many connections to be a signal of high social status. Consequently, the effect of
preferential attachment becomes an increase in influx of opportunities to well-connected
agents. This mechanism addresses the antecedents of collaboration: an ex ante preference
to connect with those already rich in collaboration partners, but it does not address ex
post performance effects. Regardless of whether the increase in influx of opportunities to
well-connected agents is justified in real improved abilities or rests on irrational
perceptions, the consequences remain to be that well-connected agents experience
improved opportunities to excel - an ex post effect translating status (many
collaborators) to improved performance. The same reasoning can be found in Merton’s
(1968) original work, where status not only influences the perception of quality, but
scientists having a high status are more likely to attract both tangible and intangible
resources, which in turn can result in scientific outputs of higher quality. This
transformation of social status to increased performance we term cumulative advantage,
and can be termed as effect of increasing an agent’s centrality in the network on
performance.
Based on the network endogenous mechanism of preferential attachment and
cumulative advantage, we then propose:
Hypothesis 1a. Agents having many collaborative partners experience increased probability of
forming new ties.
Hypothesis 1b. Agents having many collaborative partners experience a positive impact on their
performance.

Collaboration with Stars
Above and beyond network endogeneous mechanisms, agents will tend to seek
out collaboration partners with prominent alters, meaning that all agents irrelevant of
9

performance level will prefer to connect with alters performing at higher levels than
themselves. Previous research shows that individuals with prior knowledge or indication
of potential collaborations partners’ competence levels prefer to collaborate with
individuals with competence at the same or higher level as their own (Schwab, 2009;
Skilton, 2008). This is cause by two interrelated dynamics. First, if agents are connected
to prominent alters, it sends a signal of high quality to third parties who are impressed by
the “reflected glory” expressed by the tie (Cialdini et al, 1976; Kilduff and Krackhardt,
1994). This can lead agents to prefer ties to prominent alters based on an expectation of
spill-over effects from the connection. Second, to reach and maintain high levels of
performance, highly skilled individuals need to collaborate with other highly skilled
individuals (Groysberg, Lee & Nanda, 2008; Groysberg, Lee & Abrahams, 2010). Less
capable collaboration partners will reduce the overall performance level of the
collaboration outcome, while more capable collaboration partners will increase it.
Consequently, it is rational for ambitious agents to seek out alters at higher performance
levels.
Hypothesis 2. Agents will seek collaborate with alters performing at higher levels than
themselves.

Birds of a Feather
Another mechanism exogeneous to network structure is an inherent tendency for
agents to prefer collaboration with alters similar to them self on relevant and observable
dimensions. Also known as homophily, this mechanism origins from sociology and
addresses ex ante selection. Selection based on homophily often guides collaboration in
settings with many unknown agents and lack of complete information on peer
capabilities (Hinds et al., 2000; McPherson et al., 2001). Thus homophily strongly affects
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formation of collaborations as agents prefer similar alters and a priori expect self-similar
alters to be more likely to both accept proposals and prove beneficial collaboration
partners. In our chosen setting, similarity in organizational affiliation, research field,
research activity and quality could be guiding an agent’s propensity to prefer
collaboration with alters, but we focus on the aspects most directly relating to the social
status mechanisms identified earlier: social visibility in terms of collaborative activity and
performance.
Agents are capable of capturing signals related to alters’ status and regard those in
similar structural positions as peers, and will strive to imitate their professional behavior
(Burt, 1987). Agents who are more structurally similar to one another are more likely to
have increased interpersonal communication (for a prominent example of this research
see Burt, 1982), and we can hence expect agents to seek out collaboration partners based
on similarity in network position – i.e. in activity level. Highly active agents will seek out
highly active collaboration partners. This mechanism can be extended to go beyond mere
activity and also be relevant for performance. Empirical findings on social networks
show this to result in highly skewing effects (Newman, 2002).
When agents sort collaboration partners’ based on capability levels – using social
status and quality as signals - prominent agents tends to choose collaborating with each
other (Newman, 2002). To tease out the extend of this effect, i.e. whether collaboration
is caused by homophily related to similarity in social status or a result of similarity in
performance, we pose:
Hypothesis 3a. Highly active agents tend to form new collaborations with other highly active
agents.
Hypothesis 3b. Agents tend to form new collaborations with other agents performing at similar
level.
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Once collaboration is established, individuals’ behavior tends to affect and be affected by
social interactions. Deviant behavior, opinion formation, generation of research ideas
and the emergence of status hierarchies are diverse examples in which peer effect are
likely to play a role (Lomi, Snijders, Steglich & Torló 2001; Rawlings & McFarland,
2011). Identification of peer effects in parallel execution of routine tasks (Falk and Ichino
2006) as well as in more complex team production settings (Bandiera, Barankay et al.
2010; Bandiera & Barankay. 2010) illustrates that peers do influence norm establishment
and compliance levels and through these mechanisms affect performance levels. Results
show that peer established norms induce low-productivity workers to increase effort,
while high-productivity workers are willing to reduce effort and forego earnings to
comply with established norms (Falk and Ichino 2006; Bandiera, Barankay et al. 2010;
Bandiera, Barankay et al. 2010). Scientists establish collaboration to divide labor, access
knowledge and improve the overall quality of their work. Thus, if selecting collaborators
are a deliberate matching choice based on signals of performance and status, the
consequence of peer effects is that agents will tend to collaborate at similar levels of
performance. However, if the matching procedure are only partially deliberate and based
upon other social factors than quality, this will result in biased estimates of peer effects
(Azouley, Ding & Stuart, 2009). Thus, we hypothesize:
Hypothesis 3c. Agents tend to assimilate to their collaborative partners level of performance,
controlling for network endogeneous mechanisms.

EMPIRICAL SETTING
Big Science and Large Scale Research Facilities
Big Science requires big budgets, big planning and big collaborative effort. The
trade-off for these big time investments are the potential for breakthrough discoveries,
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both in the scientific world and as spillovers in the form of inventions with radical
potential. When research involves site specific, large and complex instrumentation, as is
the case with Big Science, collaboration is especially common (Katz & Martin, 1997).
Due to the complexity of using different instrumentation and diverse knowledge skillsets
necessary to be able to analyze the output, co-authoring and collaboration at these sites
can be thought attributed to necessity as well as to intellectual overlapping or
spontaneous meetings. Accordingly when the knowledge base of a research project is
characterized by a high level of complexity and dispersed pool of expertise, the locus of
innovation will be more likely centered in collaborative networks (Powell et. al., 1996).
We choose the setting of a Large Scale Research Facility, because it provides us
with a geographical localized multi-institutional context, with distinct roles assigned to
scientists, according to e.g. the instruments they are operating or whether they are
residents or visiting scientists. At the same time a facility like this serves as an extreme
case of the paradigm change and professionalization connected with the rise of big
science. Some articles have focused on these sites, but has thus far either delved with the
learning perspectives of the individual (Boisot et.al., 2011; Autio et.al.. 2003), drivers of
internationalization (Lauto & Valentin, 2013) or various case studies focusing on the
different ‘spillover’ effects (Langford & Langford, 2000; Merz & Biniok, 2010). Research
in multi-institutional collaboration in the natural sciences has been primarily dominated
by historians, sociologists and anthropologists, focusing in particular on high-energy
particle physics (Chompalov et.al., 2002). This has provided an excellent, but
disproportionate view on collaboratives in big science as "post-traditional communitarian
formations with object-centered management, collective consciousness, and decentralized authority" (Ibid.,
p. 751). This has been described as an example of the new model for collaboration in
science (Knorr Cetina, 1999), but also been challenged. Chompalov et. al. (2002) show
that this mode of organizing in multi-institutional research projects is the exception of
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the rule, and is predominantly found in the HEPP community. These facilities have a
high influx of highly skilled people from all over the world, from a multitude of
institutions, successfully facilitating the establishment of ties between distant
organizations.

The research setting
As our empirical setting we choose the Spallation Neutron Source (SNS) and the
High Flux Isotope Reactor (HFIR) located at Oak Ridge National Laboratories (ORNL),
Tennessee. Established in 1943, the overall facility is a multidisciplinary center financed
solely by six members of the U.S. Department of Energy. The facility conducts both
basic and applied science in specifically the areas of neutron science, biological system,
energy and high energy physics, advanced materials, supercomputing and national
security. Approximately 4,600 scientists are employed at Oakridge and the facility had a
budget of USD 1.65 billion in 2011. Since 2006, the research program in neutron science
is managed by the Neutron Sciences Directorate. Our chosen setting ORNL/NSD
employs 600 scientists, technicians, and administrative staff and operates two of the
world’s most advanced neutron scattering facilities: a Spallation Neutron Source (SNS),
which became operative in 2006, and a High Flux Isotope Reactor (HFIR), completed in
1965 and renovated in 2007. In our study we focus on the knowledge production
surrounding these two facilities.

DATA AND METHOD
Collaborations evolve within social spaces comprised of a complex interlocking
of socio-demographic, organizational and intellectual factors each of which pushes and
pulls researchers toward interacting with specific individuals. One simple, but powerful,

14

indicator of collaboration is the co-authoring of an article. This formal tie may not
capture all interaction, but it serves as a lower bound for social interaction (Singh, 2005).
We use a stochastic actor oriented model (SAOM) to analyze network evolution of
scientific collaborations, incorporating both structural and behavioral effects in a
longitudinal perspective. The approach utilized in this paper thereby contributes to an
active research domain, which seeks to disentangle social selection from influence
(Snijders et.al., 2007; Steglich et.al. 2010; Giuliani, 2014; Ter Wal & Boschma, 2009), and
draws upon recent statistical advances in the network literature to model such processes
with greater confidence (Snijders 2001; Steglich et.al. 2010).

Data
The empirical study investigates the evolution of scientific collaboration in the
context of SNS & HFIR. Since 2006, all peer-reviewed publications based on research
utilizing SNS & HFIR data and resources, or conducted by staff affiliated with SNS &
HFIR are publicly listed on the directorate’s website. We refer to these publications as
SMS & HFIR-based research. We retrieved full bibliometric records from ISI-Web of
Science of the publications produced in the period from 2006 to 2009. A total of 2180
distinct scientists stemming from 687 publications where collected (data collection
ongoing).

Modeling Dynamic Networks
To model the temporal dynamics of networks at the LSRF, we apply a stochastic
actor-based approach, which can estimate the evolution of social networks, in terms of
tie establishment between agents, as driven by exogenous as well as endogenous forces.
In detail that means the probabilities of tie changes is modeled as a function of individual
15

actor characteristics as well as their network position. It enables us to capture
endogenous effects of high importance when explaining the evolution of social networks.
Specifically we utilize the statistical framework for analyzing network panel data called
SIENA (Snijders et.al., 2010). This model combines random utility models, Markov
processes and simulation to estimate network parameters between observations and
concurrently estimate parameters for the underlying network dynamics. SIENA can be
categorized as a combination of mathematical models and traditional econometric
models. Even though this is a powerful analytic tool, four fundamental underlying
assumptions has to be met (see also Snijders et al., 2010) First, ties must reflect an
association agreed upon by both agents involved; second, only the current state of the
network affects its future evolution; third, ties must represent an enduring relation; and
fourth, changes must be seen as a stepwise process.
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Key Variables

Dependent variables
The modeling in the SIENA-methodology employed in this paper is given by the
network and behavioral dynamics which are subjects to change almost simultaneously –
this means the behavioral dynamics change dynamically in mutual dependence with the
changing network.
The dependent variable of the network change consists of the parameter estimates
influence on an agent’s decision to establish new ties – basically modelling the
‘attractiveness’ of a given network configuration for a given agent. E.g. we model the
probability of forming a tie.
The dependent variable of behavioral – i.e. performance – change consist of the logodds-ratio of an increase in behavior compared to staying constant. As an example, when
comparing two scientists who are equal in all aspects, except that the collaborators of the
first on average perform better by 1 unit, on the performance scale, the odds of
increasing ego’s performance (compared to no change at all) are given as the
exponentiated parameter estimate. Due to the complexity and time-consuming nature of
the model, when forward citations are used as dependent variable, we transform it into a
categorical variable separated by quartiles. Following we end up with a dependent
variable for performance in the simulation model having four distinct levels.

Independent variables
The individual parameters available in SIENA can broadly be divided into three
categories: (i.) Network base effects, referring to the agents general tendencies to form
ties in a particular way, independent of alter and ego's network position and other
characteristics. (ii.) Degree related effects capturing the endogenous influence of several
effects associated with alter and ego's degree of ties. (iii.) Covariates which are exogenous
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characteristics of the actor. These variables are all included in both the objective function
and the performance part of the models. In the following we discuss in detail the main
effects included in the model.
“Preferential Attachment” represents the tendency of agents to form ties to
alters already receiving a high degree, hence popular ones. A positive estimate implies a
self-reinforcing mechanism that over time leads to increasing dispersion of the degree
distribution of the networks (Newman, 2000).
“Cumulative Advantage” represents the effect of actors having high social status
in the form of collaborators to also affect their performance. The measurement of degree
as cumulative advantage follows (Dahlander & McFarland, 2013).
“Similar activity level” refers to the preference of agents to form ties with alters
based on their own as well as alters degree1. This combination represent a measurement
for homophily as well as social stratification in the network pattern, and in the case of the
LSRF that scientists having a high social status team up with scientists with similar social
status.
“Similar performance”2 is a dyadic transformation of citations defined in such a
way that it is scaled between 0 and 1, with 0 meaning that one author has the minimum
value of citations and the other has the maximum (maximum dissimilarity), and 1
meaning that two authors has the same citations (maximum similarity).
“Performance alter” refers to the general tendency of agents to choose to
collaborate with alters performing at a higher level than themselves.
Controls
We include a number of controls to account for the possibility of spuriousness,
and alternative sources of influence and selection.
1

In the network literature this is often called the assortativity -effect.
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“Triadic closure” is an effect most commonly found to drive network evolution.
It describes the tendency of a triad to be closed, i.e. if i are friends with j and k, what is
the probability that j and k also will be friends. Basically it tells something about the
degree of clustering in the network. Thereby we show whether partners partners in year t
are more likely to collaborate in time t+1.
We control for average influence of citations on degree by incorporating the
interaction term “Citations x Ego”.
“Same organization” and “same country” are binary variables indicating whether
or not the scientists stem from the same institution or from the same country.
“Organization type controls” are a list of binary covarying variables indicating
whether or not scientists are of the same institutional type, based on the following
categories: 1) Resident at the SNS, 2) University, 3) Research Lab and 4) Business. We
include these in our models to control for the possibility of collaboration being instigated
by the specific division of work at LSRF’s, e.g. an instrumental scientists employed at the
facility.
To control for the fact that both collaboration and performance can be driven by
the specific cognitive profile of each focal scientist, we rely on the classification
developed by CHI research (Narin, Pinski & Gee, 1976; Lauto & Valentin, 2013). The
classification scheme utilized thus assigns ISI-recorded journals to a research level on
basis of content and scientific field. For non-biomedical fields, the values are 1- “applied
technology”; 2 – “engineering”; 3 – “applied research-targeted basic research”; 4 – “basic
scientific research”.
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Table A1 depicts the complete list of variables included in the model:
--------------------------------Insert Table A1 about here
--------------------------------For the SAOM we exclude from the network scientists not part of the final largest
component. This is due to the fact that these ‘one timers’ would potentially result in an
overestimation of network measurements such as e.g. triadic closure similarity and
activity.

DESCRIPTIVE STATISTI CS
--------------------------------Insert Table A2 about here
---------------------------------

Table A2 shows the distribution of scientists according to country of origin. The majority
of scientists are stemming from the US, seconded by Germany, the Japan and finally
France. This relationship is not surprising, i.e. Germany and France has two of the
largest neutron scattering facilities in Europe (Helmholtz-Zentrum Berlin & Institut Laue
Langevin), and the same is true for Japan, where a similar facility has been constructed at
JPARC. This highly skewed distribution of scientists in favor of the US (~60%), seems
to give indications of the SNS giving priority to employ local scientists, which could
potentially bias our variable of same country. The outcome effect of the variable on the
network selection model would overemphasize the effect on connectivity due to the fact
that the mere presence of US based scientists increases the likelihood of a random
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encounter, and further the number of scientists stemming from other countries could be
due to a strategic decision made by the top of the board at the facility.
--------------------------------Insert Table A3 about here
---------------------------------

Table A3 shows the different metrics of important variables employed in this study. The
average collaboration employs 6.7 scientists, with a standard deviation of 5.80. Even
though the largest team is 97, the fact that the standard deviation is smaller than the
mean indicates that the problem of very large team structures, as seen at work at other
LSRF’s are not an issue of concern here. The mean number of publications pr. scientist
is 2.47 and the standard deviation is 3.40. The maximum number of publications by a
scientist is 35. This results in a skewed distribution of scientist productivity, meaning the
existence of potentially some “star scientists” with a high productivity rate, and a long tail
of low producing scientists. Approximately 65% of the scientists are only producing a
single publication associated with the facility, resulting in a potentially biased estimation
of publication related variables e.g. performance and CHI, as these variables thus are
only based on one observation of the scientist. Therefore we employed a robustness
check where we separated the scientists having only one publication, and the rest, and
ran two distinct models for each, with similar results on the network selection part.3 For
the performance variable we observe a similar skewed distribution, with a few stars
getting a lot of citations and many getting 2 or fewer
---------------------------------

3

We are currently working on collecting data on scientists facility external publication history
before and during their time at the SNS, which, when employed, would raise the validity of our
models.
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Insert Table A4 about here
----------------------------------------------------------------Insert Table A5 about here
--------------------------------Table A5 and A6 show the overall evolutionary network statistics. Due to the fact that
only upward movements are allowed (i.e. no dissolution of ties), interpretation should be
made with caution, but we can see that the average degree of each scientist starts of at
approximately 9 and ends at almost 17, indicating a highly collaborative environment.
The change in network ties is especially present in the period 34, where a little over
14,000 new ties where made. We can see that the Jaccard coefficient - indicating the
degree of change between network observations - are high. Thus estimation by SIENA
seems appropriate.

RESULTS
Table A6a and b shows the results of the stochastic actor-based analysis.
--------------------------------Insert Table A7a about here
---------------------------------

All parameter estimations are based on 1,000 simulation runs. After a series of iterations
the approximation algorithm converged somewhat excellent for all variables (all around
values 0.1). The convergence indicates whether the deviation of the simulated structures
compared to the observed structures is acceptable (t-values < 0.1), and can be used as an
approximate goodness of fit of the different parameters. Similar activity and preferential
attachment was not able to run joined in the same model due to issues of
22

multicolinearity. The parameter estimates can be interpreted as non-standardized
coefficients obtained from logistic regression analysis (Steglich et al. 2010). Therefore,
the parameter estimates that are reported can be read as log-odds ratio, i.e. how the logodds of tie formation change with one unit change in the corresponding independent
variable, and how the log-odds of increasing performance by one unit with a one unit
change in the corresponding independent variable. Odds ratio can be computed as the
exponentiated form of the coefficients of each predictor.
As opposed to our hypothesis (H1a), the measurement for preferential
attachment, is significant but surprisingly with a negative coefficient (exp(-0.17)=0.84),
meaning when increasing the number of collaborators above the mean, scientists are less
likely to establish collaboration with you. Instead they tend to regress around the mean.
For H2 we find no statistically significant indications that scientists are more likely to
establish ties with scientists with a higher count of citations. At the same time though,
the significant and positive effect of both similar activity (H3a) (exp(0.4852)=1.62) and
similar performance (H3b) (exp(1.3202)=3.74 & exp(1.5451)=4.69) gives indication of
the existence of a highly elitist network effect where the scientists collaborating the most
predominantly chooses to collaborate with others of similar social status and visibility.
Our controls on especially whether scientists have the same organization
(exp(0.62)=1.86) or are stemming from the same country (exp(0.70)=2.01) yields
significant and positive estimates, showing that even though we observe a high degree of
multi-institutional collaboration, geographic proximity are still a main mechanism leading
to collaborative ties at this LSRF. As for the controls concerning the cognitive profile of
scientists, we find that the more basic oriented a scientist is, the higher the degree of
collaboration they exhibit (exp(1.4868)=4.42), much in line with the findings of (Lauto &
Valentin, 2013).
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For the performance dynamics we find that the rate functions – describing the
average number of opportunities for change for each scientist between observations –
decline over time. Thus the opportunities peaks in the first period and then sharply
declines in the second and third. This suggests that the performance of the scientists tend
to stabilize over time. Results from the performance average similarity (H3c) suggests a
systematic existence of peer effects, meaning that the performance of individual scientists
tend to assimilate to the performance of his or her peers. The effect of cumulative
advantage (1b) is negative but remains insignificant in both models.
The significance of the quadratic shape indicates a performance effect’s effect on itself,
showing it becoming increasingly difficult to perform better, i.e. the effort of increasing
performance from 3-4 is larger than 2-3.

DISCUSSION
One of the peculiar findings in this paper is the observed negative effect of preferential
attachment. In effect this may be a reflection of the apparent status hierarchy enacted in
the network. Our models show high performance to lead to more collaboration partners,
and with many collaboration partners come the opportunity to repeat interactions,
estimate to reap the most benefits. Thus, high performing agents have better
opportunities for selecting collaboration partners. Following, high performing scientists
have increased opportunities for making use of the advantage of lasting ties. The costs of
establishing ties and the persistence of said ties vary (Dahlander & McFarland, 2013).
Establishment of ties hinges on complementarity and opportunity recognition across
unfamiliar partners, while tie persistence depends on the experience and outcome of the
collaboration (Dahlander & McFarland, 2013). The establishment costs outweigh
persistence costs and risks are lower in the reusing of ties,, but new ties provide the
benefit of fresh perspectives and complementary knowledge which is assessed to (and
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sometimes do) balance the costs. These differences would benefit high performing
agents more. If we assume that benefits associated with reusing an already familiar
collaboration partner decrease at increasing rate, highly connected scientists have more
collaborators with whom they can engage in repeat collaboration before reaching a
suboptimal outcome. They can thus enjoy the low costs of tie persistence without
endeavoring into a level of relational embeddedness mitigating the benefits of
complementarity too much. Whether these mechanisms rest on an initial superior ability
to select collaboration partners is unfortunately beyond the scope of our analyses.
With repeat interaction, the intensity of ties increase and we should expect tie strength
to vary across one-off and repeated collaborations. However, context, setting and
product remains the same, and thus, benefits of collaboration could vary with tie
strength. Normally, we would expect tie maintenance cost to increase with tie strength
(and the number of ties maintained) (Granovetter, 1973), but in our case, ties and their
purpose remains the same across tie strength and hence cost should remain the same or
even decrease. We would also expect uncertainty to decrease and trust to increase with
increasing tie strength. Further, the propensity for triadic closure could reasonable be
argued to increase with tie strength. Consequently, opportunity and recommendation
would lead to network cohesion. In our setting of scientists collaborating within a large
scale research facility, this would further the hierarchical mode of collaboration leading to
a network with a distinct elite of highly active and high performing scientists
collaborating amongst themselves, disregarding lower status and lower performing
scientists. Unfortunately, one weakness of the SIENA method is that we cannot
distinguish between one off and repeat interaction. Hence, we are left to infer from our
findings on this topic.
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Delving further into the mechanisms why our findings do not reflect the positive
preferential attachment and cumulative advantage effects found in previous work we
propose the explanation to be our method of taking network endogeneous selection
mechanisms into account. Consequently, our other key variables capture much of the
variation typically labelled as preferential attachment and cumulative advantage. The
similar activity, or assortativity mechanism, leads to collaboration among scientists with
similar collaboration activity and performance and gives rise to a “rich old boys club” of
elite scientists We presume these positive effects to cause the negative effect of
preferential attachment: when assortativity guides establishment of new collaboration
ties, it is difficult for the lower performing scientists to engage stars, or big egos, (social
and performance wise) in collaboration.. These mechanisms guide selection into a
hierarchical system where collaboration among the most prominent agents with respect
to network position and previous performance becomes relatively closed to agents of
lower performance. Thus, the effect of cumulative advantage for performance is reduced
to insignificance by agents selecting and rejecting collaborators in a highly stratified
system of collaboration.
Taken together our results suggest that connecting is not only a function of
performance, but also a social process focusing on status and governing the evolution of
the entire network. This results in a stratified network structure with highly active
scientists steering network evolution. These findings are much in line with the findings of
Jones et.al. (2008), and thus contributes with understanding of the microfoundations for
evolution of the networks observed throughout this literature stream. But more research
is needed to tease out the effects of actor knowledge, and knowledge overlaps on
network evolution, i.e. whether the observed stratification comes at the cost of
knowledge heterogeneity, and finally how this influences individual performance.
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The creation of ties at the Spallation Neutron Source is to a large degree
governed by social hierarchy. Scientists with large collaborative capacity choose to
collaborate with other scientists with similar capacity. This creates a highly elitist closed
and separated network, which is surprising given the literature on Big Science and the
‘democratizing’ scientific research paradigm anticipated here. The findings serve as micro
level explanation for the results found by Wuchty, Jones and Uzzi (2007; 2008), who
found development of scientific collaboration to be increasingly elitists governed. The
significantly positive impact of assortativity tells us, that in the observed collaboration
network, scientists tend to collaborate with others at similar levels both with respect to
productivity, connectivity and performance, and thus that joining the elite collaborators
is hard and becomes increasingly hard for the average scientist. This should not
necessarily be seen as unfortunate. An assortative network tends to percolate more easily,
creating a giant component faster than a disassortative. Thus high-degree nodes will tend
to stick together in the form of a core group, making dissemination of knowledge
happen faster but at the cost of the resulting size of the giant component (Newman,
2002; 2004). This type of assortative network is typical to social settings and has been
shown to lead to fast spread of ideas, but also to rapidly increasing similarity and very
robust network structure where removing a few collaborators has little impact on the
structure (Newman, 2002). This would be the type of network, where we could expect
social and human capital to correlate and co-evolve (Coleman, 1988) giving rise to
paradigmatic worldviews (Dosie, 1982). While working within a paradigm can be
productive, the robust structure of this type of network will hinder paradigmatic changes
when needed. However, one of the arguments for centralizing scientific investigation and
collaboration at places such as the SNS are funded upon an innate ability to facilitate
inter-disciplinary collaboration, these findings suggests that the localization and structural
features of LSRF are not enough to facilitate this meld. Instead the formation of the core
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group of highly active researchers, and the increased probability of forming ties based on
similarity in social status could even mean less inter-disciplinarity.

Future research
The hierarchical structure of networks should be studied with great attention to
the role and functions of the agents inhabiting these networks. In our paper, function
and affiliation were reduced to controls, but in the context of the specific facility, some
scientists are experts on specific instruments, this function may lead to specific coauthoring patterns, potentially making them the hubs of the Big Science world. Thus
further research should be conducted on the gatekeeping roles of specific scientists in the
world of big science. Further, future research could contribute to our understanding of
network evolution and resistance by analyzing one-off versus repeat collaboration in
order to answer the question raised in this paper of whether high performers utilize their
large network to repeat collaboration. Thus, further research should delve into the
mechanisms governing the selection of partners, more than the mere structural
observation of degree.

CONCLUSION
In this paper we asked the questions what the governing dynamics driving
scientific collaboration in modern day science are, and what separates high performing
scientists from lesser so. Drawing from mostly empirical research on scientific
collaboration, we show that literature pointed towards a paradigmatic change in the
conducting of science, placing more and more emphasis on the connective and
collaborative capacity of scientists to team up and cross organizational boundaries. We
further highlight the need for a longitudinal perspective in order to address the influence
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of network evolution in scientific collaboration. We propose the hypotheses that science
is increasingly driven by not only preferential attachment, but also by notions of
proximity and homophily, with a special emphasis on the assortativity effect as a driver
of the “rich old boys club”-effect. We investigate this in the form of bibliometrical
analysis of the empirical setting of large scale research facilities, more precisely located at
Oak Ridge National Laboratories in Tennessee. We conduct the analysis based on a
selection of the full bibliometric recording, from 2006-09, of publications affiliated with
the Spallation Neutron Source and the High Flux Isotope Reactor. To test our
hypotheses we employ a stochastic actor based network analysis to separate the selection
and network dynamics from the behavior of external collaboration. By doing so we are
able to analyze the cumulative and self-reinforcing effects of network dynamics. We find
that we indeed see a network dominated by assortativity and homophily in choice of
collaboration partners and by collaboration partner selection and peer effects as main
drivers of performance. A tendency of not going beyond your place and collaborating
with scientist above your own level, combined with peer effects indicate both a highly
unequal distribution of collaboration but also one dominated by hierarchy.
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APPENDIX A
Table A1. List of variables.
Variable(s)

Description

Dependent network

Co-authorship network - scientists have previously co-authored an article.

Rate parameters
Period effects

The three transition periods (2006-07, 2007-08, 2008-09)

NETWORK ESTABLISHMENT:

Structural effects
Triadic closure
Preferential attachment
Similar activity

The propensity to form ties with those whom one has had a prior indirect tie.
The preferential attachment effect (sqr(alter centrality))
Tendency for agents with high degrees to co-author with other agents with high degrees.

Performance effecs on structure
Similar performance
Performance alter
PERFORMANCE EFFECTS:
Cumulative advantage
Similarity

Tendency to interact with those with similar # of citations.
Tendency of scientists to seek collaboration with other scientists performing at a higher
level than themselves.
Captures the tendency of agents with high degrees to perform better at t+1
Captures the tendency of agents to assimilate to their collaborators performance.

Controls
Same organization
Same country
Organization type
Performance x ego
CHI x ego
CHI similarity

Whether scientists are from the same institution.
Whether scientists are from the same country.
Tendency of scientist type to attract collaborators.
Interaction effect showing the influence of performance on degree.
Tendency for more basic scientists to establish collaborations.
Tendency for scientists with similar CHI score to interact.
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Table A2. Distribution of scientists pr. country
N
Country
Percentage
(authors)
US

1290

59%

Germany

147

7%

Japan

141

6%

France

87

4%

China

81

4%

Rest

434

20%

2180

100%

TOTAL
Table A3.
Variable
Size of teams
Author publications
Performance
CHI-level

Mean
6.70
2.47
16.12
3.17

Median
6
1
6
3

Stand. Dev.
5.80
3.40
49.92
0.90

Table A4. Network density indicators.¨
Observation time
Density
Average degree
Nmb of ties

1
0.003
9.301
31288

2
0.003
11.483
38628

3
0.004
12.605
42402

4
0.005
16.784
56462

Table A5. Network turnover frequency.
Periods
1
2
2
3
3
4

0
1
7360
3782
14074

1
20
8
14

0

1
1
31268
38620
42388

Jaccard
0.80
0.90
0.75
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Max
97
35
1052
1

Min
1
1
6
4

Table A6a. Results from stochastic actor based model.
Variable

Model 1 (controls only)

Model 2

SE

Model 3

SE

SE

Hypotheses 1a:
Preferential Attachment

-

-0.1785*

(0.05)

Hypotheses 2:
Citations x alter
Citations x ego

0.1369
0.4030***

(0.11)
(0.06)

0.1468
0.4625***

(0.10)
(0.06)

0.4852**
1.3202*

(0.16)
(0.40)

1.5451*

(0.61)

Hypotheses 3a & 3b:
Similar activity
Similar performance

Rate Parameter Controls:
Period 1
Period 2
Period 3

1.4212***
0.7013***
1.9599***

(0.02)
(0.01)
(0.02)

1.2479***
0.6758***
1.9691***

(0.03)
(0.01)
(0.02)

1.3470***
0.6959***
1.9479***

(0.03)
(0.01)
(0.03)

0.8292***
0.9311***
0.9071**
2.1204***

(0.12)
(0.13)
(0.28)
(0.27)

0.7013***
0.6250***
1.4868***
0.5066
0.5921***
YES

(0.14)
(0.14)
(0.43)
(0.32)
(0.02)

0.7161***
0.6006***
1.2672***
0.4371
0.5196***
YES

(0.13)
(0.13)
(0.32)
(0.32)
(0.02)
YES

Controls:
Same country
Same organization
CHI x ego
CHI similarity
Triadic closure
Same researcher type controls

YES

† p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001

41

Table A6b. Performance Dynamics
Model 2
SE

Variable

Model 3
SE

Rate performance:
Period 1
Period 2
Period 3
Linear Shape
Quadratic Shape

21.2305***
5.2080***
2.5941***
-0.0892
0.1305*

(11.67)
(2.12)
(0.11)
(0.10)
(0.06)

20.4705***
5.3094***
2.6357***
-0.0410
0.1216*

(11.66)
(2.07)
(0.08)
(0.09)
(0.04)
(0.08)

3.2799***

(0.08)

3.3797***

(0.09)

-0.0082

(0.01)

-0.0116

(0.01)

Hypothesis 3c:
Performance Similarity

Hypothesis 1b:
Cumulative advantage

† p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001
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Table A7. Network visualizations (2006-09)

2007

2006

2008
Layout: R-package Statnet and using the Fruchterman-Reingold algorithm.
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Table A8. Correlation
Matrix
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

rate collaboration
rate collaboration

0,54

rate collaboration

0,34

0,45

transitive ties

-0,16

-0,17

-0,16

preferential attachment

0,17

0,14

0,08

-0,57

same org

0,09

0,10

0,08

-0,19

0,02

same country

0,17

0,25

0,13

-0,05

0,07

-0,09

same resident

-0,14

-0,26

-0,20

0,08

-0,02

-0,10

-0,19

same university

0,08

0,02

0,01

-0,03

0,06

-0,16

0,06

0,07

same research lab

-0,05

0,02

-0,01

0,07

-0,06

-0,42

-0,05

0,04

0,07

same secondmen

-0,01

0,05

0,03

0,03

-0,04

-0,23

0,02

-0,20

0,02

0,10

same multiple

0,17

0,15

0,08

-0,10

0,17

-0,30

0,09

-0,06

0,06

0,17

-0,05

citations alter

-0,04

-0,02

-0,05

0,12

-0,20

-0,04

-0,05

0,04

-0,05

-0,02

0,02

-0,02

citations ego

0,61

0,71

0,44

-0,01

0,26

-0,11

0,31

-0,12

0,32

0,17

0,06

0,39

chi alter

-0,05

0,07

-0,02

0,20

-0,30

-0,01

0,05

0,00

-0,03

0,10

0,10

-0,10

0,03

-0,04

chi ego

-0,38

-0,43

-0,34

0,12

0,01

-0,16

-0,17

0,27

0,19

0,08

-0,04

-0,04

-0,01

-0,42

0,05

chi similarity

0,06

0,02

0,08

-0,36

0,21

0,08

0,06

-0,05

0,04

-0,05

-0,03

0,11

-0,13

0,04

-0,58

-0,11

rate behavior

0,02

0,04

0,02

0,00

-0,02

-0,03

0,02

0,01

-0,05

-0,02

-0,04

0,05

0,02

0,00

0,00

0,00

0,02

rate behavior

-0,10

0,05

-0,10

0,06

-0,03

-0,02

-0,13

0,09

0,10

0,10

0,16

-0,24

0,04

-0,12

0,45

0,13

-0,28

0,05

rate behavior

0,11

0,09

0,07

0,03

-0,02

-0,05

0,04

0,00

0,02

0,07

0,09

0,04

-0,02

0,12

0,08

-0,06

-0,09

0,01

0,05

linear shape

0,05

0,04

0,02

0,00

0,01

0,06

0,04

0,05

-0,01

-0,06

0,00

0,04

-0,01

0,06

0,02

0,01

-0,02

0,10

-0,08

-0,19

quadratic shape
performance average
similarity
Performance from
Outdegree

0,15

0,07

0,01

-0,08

0,11

-0,07

-0,08

0,07

0,02

-0,09

0,02

0,12

-0,04

0,05

0,08

0,01

-0,05

0,30

0,22

0,02

0,13

-0,04

-0,12

-0,14

0,06

-0,02

-0,08

-0,06

0,13

0,05

-0,09

0,04

-0,09

0,01

-0,11

0,04

0,12

-0,01

0,15

0,16

0,02

0,22

0,47

-0,08

-0,05

-0,04

0,04

-0,05

-0,05

-0,07

0,00

0,03

0,10

0,01

-0,08

0,05

-0,08

0,05

0,04

-0,02

-0,15

0,18

0,19

-0,89

-0,21

-0,19

Performance from CHI

-0,03

-0,02

0,06

0,03

-0,06

0,02

0,07

-0,08

-0,10

-0,05

0,03

-0,02

-0,02

-0,02

-0,09

-0,07

0,02

-0,08

-0,21

0,03

0,15

-0,14

0,00
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-0,09

-0,30

25

45

