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Abstract. Although much attention is accorded to star performers, this paper considers the
extent to which stars, themselves, benefit from the contribution of their collaborators (the
constellation). By considering stars, constellations, and the synergies between them, we
address a key question: To what extent is collaboration performance driven by the great
individual or by great constellations? We introduce a novel approach that uses a matching
model to uncover the complementarities driving collaboration formation. We use formal
value-capture theory to estimate the relative contribution of stars and constellations to joint
value creation. Analyzing a sample of academic research collaborations, we document that
stars’ relative contribution exceeds that of their constellations in less than 15% of collabora-
tions, although constellations provide a greater relative contribution in 9%. In most colla-
borations, neither party dominates: Innovation is a collective endeavor driven equally by
the star and the constellation. Joint value creation and relative contribution are explained by
the subtle interplay between complementarities in joint work and the substitutability of col-
laborative parties in the market. Joint value creation increases with the strength of comple-
mentarities between parties in a match. Relative value creation, and hence dominance,
increases with the substitutability of one’s collaborative partner. Interestingly, joint value
creation is greatest in collaborations where both stars and constellations offer bundles of
rare attributes and where neither the star nor the constellation dominates.
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1. Introduction

Bhaskarabhatla et al. 2021, Campbell et al. 2021) and the

A fundamental inquiry in management is how to
achieve the best possible organizational performance.
The configuration of human capital in collaborative
teams is a central part of this value-creation conversa-
tion. Relatedly, a key inquiry in this stream of research
focuses on assessing the relative contributions of indivi-
duals (and subgroups) to team productivity. This topic
has been studied in multiple contexts. In the manage-
ment literature, researchers aim to isolate chief execu-
tive officer (CEO) or manager contribution to firm
performance from firm attributes (Tervio 2008, Mollick
2012, Jarosiewicz and Ross 2023). In the human capital
and innovation literature, a recurrent theme involves
assessing the relative productivity of individuals and
teams in project, innovation, or research collaborations
(Groysberg and Lee 2008, Groysberg et al. 2008,

subsequent credit and financial allocation. Questions of
individual versus team productivity have also been
investigated in the context of professional sports and
entertainment (DeVany and Walls 1999, Elberse 2007,
Arcidiacono et al. 2017). Much attention has been given
to the superior contribution by top performers with
high human capital such as successful CEOs, star ath-
letes, prominent analysts, or prize-winning scientists.
Less studied, but equally important, is how the perfor-
mance of these stars is influenced by their collaboration
teams (Groysberg and Lee 2008).

These questions are central in the study of scientific
research teams, where “star” scientists are often viewed
as an important, if not the most important, form of
human capital. Stars are recognized to publish more
than their peers, produce papers that have greater
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impact, and to actively participate in commercialization
efforts: reporting inventions, patenting, licensing, and
start-up formation (Zucker et al. 1998). However, scien-
tists, particularly those in the medical and life sciences
fields, rarely work alone (Wuchty et al. 2007, Jones et al.
2008): The average number of coauthors in the medical
field is greater than four and trending higher over time
(Adams et al. 2005). These publication collaborations
transfer over to the intellectual property and commer-
cialization domain as academic invention disclosures
correspondingly involve multiple inventors: Bercovitz
and Feldman (2011) find that more than 60% of invention
disclosure involved two or more individuals. Although
collaborations including stars have been shown to have,
on average, higher performance, both in terms of aca-
demic papers and commercialization outputs, than colla-
borations that are unable to tap into such star resources,
the mechanisms that drive this superior performance
have not been holistically evaluated in prior research. An
overemphasis on the contribution of the star to the detri-
ment of the contributions of the other scientists in the col-
laboration, those who form the constellations, is common."
In this study, we examine collaborative productivity and
relative value contribution in the context scientific re-
search collaborations. Our goal is to understand to what
extent and under which circumstances collaboration per-
formance is driven by the contributions of the great indi-
viduals (star scientists) or great constellations.

The challenge in parsing the relative contribution
comes from a need to simultaneously consider the two
key elements at play in value creation: synergies between
collaborative partners and the matching process bringing
these partners together. First, at the collaboration level,
higher performance (value creation) occurs with the in-
crease in synergies between collaborative partners. Fur-
thermore, given that partners bring bundles of attributes
to the collaboration, multidimensionality must be consid-
ered to accurately capture these synergies. Second, scien-
tific research teams are voluntary collaborations formed
around mutual scientific interests and knowledge com-
plementarities; as such, the selection of partners is not ran-
dom. Crucially, the anticipation of synergies is an integral
driver of how parties match and the subsequent assorta-
tive structure of the matching market.

The relative contribution of parties in a collaboration is
typically assessed by examining the division of joint out-
put among parties, via an analysis of value capture. Such
an analysis becomes more complicated when collaborator
multidimensionality, synergies at the collaboration level,
and sorting at the market level contribute to value crea-
tion and therefore must be accounted for in the assess-
ment of value capture. Furthermore, in these situations,
relative contribution rests on how irreplaceable a party is
in the matching market, which in turn depends in a non-
trivial way on how the multidimensionality of synergies
dictates the sorting outcomes and the resultant ordering

distance or “gaps” between agents in the market. Stars’
contribution may surpass the contribution of the constel-
lation, but such dominance is contingent on a lack of close
substitutes for the star in the collaboration space. Simi-
larly, the constellation’s contribution has the potential to
equal or surpass stars’ contribution but there is a risk that
this contribution is undervalued when synergy and sort-
ing effects are not fully accounted for.

Tackling this complexity with existing methodologi-
cal tools is challenging. Prior work has resorted to either
ignoring multidimensionality of synergies or discount-
ing sorting issues. In addition, when investigating the
contribution of stars, rarity of the stars’ attributes is com-
monly assumed but not explicitly examined. In this
paper, we introduce a novel structural methodology
that integrates the collaboration selection process of
researchers, some of them star scientists, and their con-
stellation of collaborators. Our method yields predic-
tions about how they match and provides a means to
estimate the contribution of each party to the value cre-
ated jointly. The key players in our model are (1) the
principal investigator (PI) researcher, either a star or
nonstar; (2) the constellation (C), that is, the set of
researchers the PI matches with, operationalized as a
static bundle of attributes; and (3) the collaboration, the
PI-constellation combination. We ground our methodo-
logical approach on formal models of matching and
value-based theory (Brandenburger and Stuart 1996,
MacDonald and Ryall 2004, Fox 2010, Gans and Ryall
2017). In doing so, we draw upon the general principle
that the relative contribution (i.e., marginal productiv-
ity) of a party to the joint output is reflected in the value
that this party anticipates capturing by being part of a
collaborative effort (Tervio 2008). Within this approach,
a party’s value capture lies in an interval: it is bounded
by a maximum and a minimum value. Estimating this
interval requires creating counterfactual collaboration
configurations, which we do under some fairly basic
assumptions about matching preferences and the
boundaries of collaboration markets. To complete the
analysis, we show that the uniqueness of the star’s and
constellation’s bundle of attributes and the availability
of viable alternative matches for collaboration deter-
mine which party’s value contribution dominates.

We apply our model to research activities at a promi-
nent (R1) university with a top medical school. We com-
piled a data set of all 555 collaborations that resulted in
an invention disclosure as recorded by the Technology
Transfer Office during an 11-year period. In line with
prior work (Rothaermel and Hess 2007, Azoulay et al.
2010, Oettl 2012), we defined stars as scientists in the
higher echelons of the publication citation distribution.

Attending to the multidimensionality of synergies,
we find that value creation is driven by the complemen-
tarities between PIs and constellations in terms of
research quality, knowledge similarity, collaboration
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experience, and research profile similarity with respect
to the application domains of their research. The pres-
ence of these complementarities leads to assortative
matching: Stars attract stronger constellations and stron-
ger constellations attract stronger PIs, indicative of a
resource attraction-based effect. Taken together, these
synergy and sorting patterns not only inform value cre-
ation, but also provide a foundation for determining rel-
ative contribution via value capture. We document that
stars’ relative contribution rarely surpasses that of their
constellations, occurring only in 14.3% of collaborations;
similarly, constellations who dominate are also infre-
quent, accounting for only 9.5% of collaborations
involving a star PI. In most collaborations, neither party
dominates: Innovation is a collective endeavor.

Delving deeper, our analysis of the relative value con-
tribution illustrates the subtle interplay between the role
of complementarities and the rarity of parties in the
market, where rarity is characterized by larger gaps
between agents on each side of the market as ordered by
bundles of attributes they offer. Rarity can be inter-
preted as a low degree of substitutability between
agents in the market. We find that joint value creation,
although increasing with the magnitude of complemen-
tarities, is greatest when both parties in the dyad offer
bundles of attributes that are rare in the market. In these
cases (77%), none of the players dominate and innova-
tion is truly a collaborative product driven equally by
the star and constellation. This is indicative of a bidirec-
tional spillover effect within the dyad where each party
enhances the capabilities of their collaborator so that the
whole is greater than the sum of the parts. In the few
instances when one party dominates, it is because they
work with more substitutable partners, but this has an
adverse effect on total value being created. Dominating
players, who are better positioned to claim a larger slice
of the value created in their collaborations, may effec-
tively lose out as this slice is cut from a smaller pie.

Although we focus on scientific knowledge creation,
our study applies more broadly to diverse collaboration
contexts. We contribute to the literature on collaboration
in three ways. First, we offer a novel methodology that
provides an addition to the strategists’ toolkit. In non-
random collaborations where parties self-select into
projects based on expected synergies between their
strengths, the challenge is to parse the relative contribu-
tion of each party on performance, given endogenous
team formation. The methodology we introduce enables
the examination of the relative contributions of parties
to joint outcomes without having to rely on dramatic
shocks, such as the death of a collaborator, and fully
takes the endogeneity into account. Second, with an
eye to the role of top performers, we account for
both sorting effects and bilateral, multidimensional,
synergy effects. Prior work has typically focused on
either sorting or complementarities in isolation. Third,

although the literature has accorded much attention to
complementarities that raise the value of collaboration,
there has been little consideration to how uniqueness, or
rarity in the market, drives value creation and value
capture dynamics. We highlight these dynamics by
examining complementarities in the dyad and the rarity
of each counterparty in the broader matching market to
parse relative contribution. In addition to these method-
ological and theoretical contributions, our study has
multiple practical implications for collaborative perfor-
mance. Our findings inform questions of how to culti-
vate human capital investments and collaboration
synergies, how to assess credit allocation biases, and
how to improve the recruiting and socializing of person-
nel to the benefit of inventive activities and other collab-
orative organizational tasks.

The paper proceeds as follows. In Section 2, we briefly
review the relevant literature on team science and star
scientists to set the foundation for our investigation of
relative contribution to joint outcomes. Section 3 pro-
vides an overview of our novel two-step methodologi-
cal approach and the study context. Section 4 details our
approach to modeling and estimating complementari-
ties underlying Pl-constellation matching (Step 1). We
explain the theoretical foundations for the matching fac-
tors, variable operationalization, and results. Section 5
provides our methodological approach for assessing rel-
ative contribution (Step 2) and discusses our findings.
We offer concluding thoughts in Section 6.

2. Role of Star Scientists in the Context
of a Team: Knowledge Production
and Innovation

In collaboration activities, the participation of a “star
scientist,” an individual whose past activities place him/
her in the upper stratum of research achievements, is
linked to higher collaboration-level performance (Zucker
and Darby 1996, Zucker et al. 2002, Bercovitz and Feld-
man 2011). Two key mechanisms by which this “star-
related” value is created are an attraction effect and a
synergy-spawned spillover effect (Merton 1968, Azoulay
et al. 2010, Higgins et al. 2011, Oettl 2012, Agrawal et al.
2017). The existing literature tends to focus, somewhat
independently, on one or the other. We argue that these
two mechanisms should be considered simultaneously.

In early work on the social structure of science, Mer-
ton (1968) draws attention to the Matthew effect, noting
that prominent scientists receive disproportionate rec-
ognition and resources. In simple terms, there is a “rich
get richer” dynamic as initial advantages beget further
advantages (Cole and Cole 1973, Simcoe and Wague-
spack 2011). Thus, collaborations involving star scien-
tists may perform at a high level, in part, because of
stars” ability to attract stronger collaborators due to a
sorting effect (Allison and Stewart 1974). Merton’s 1968
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essay, “The Matthew Effect in Science,” which remains
central in current theoretical conversations, identifies
two elements, one perceptual and one tangible, that cat-
alyze feedback loops resulting in accumulated advan-
tage.2 The first, recognition, functions via status signals
that disproportionally draw attention and give attribu-
tion to the work of prominent researchers compared
with their less prominent peers.” A number of empirical
studies provide support for this status-based aspect
(Podolny 1993, Podolny and Phillips 1996). For example,
Azoulay et al. (2014) exploit the “shock” of receiving a
coveted appointment as a Howard Hughes Medical
Institute investigator and documents a modest posta-
ward citation boost, with the effect increasing under
conditions of uncertainty about product (article) or
awardee (relatively low preaward status) quality.

The second element supporting the “Matthew effect”
functions via adoption of resource attraction mecha-
nisms that over-reward past achievements in the alloca-
tion of scientific inputs, including human capital, for
new projects. This resource-based feedback loop notes
that status can have an effect on quality levels by gener-
ating preferential access to valuable scientific inputs.
Key resources for academic knowledge production
include research funding, quality graduate students,
engaged and stimulating colleagues, laboratory facili-
ties and equipment, and protected research time.
Several recent studies have found evidence of a
prestige-related “resource attraction effect.” For exam-
ple, Agrawal et al. (2017) show that departments that
add star scientists benefit from an ability to subse-
quently induce other high-quality researchers to join the
department. Higgins et al. (2011) provide evidence of
positive recruiting externalities for young biotechnol-
ogy firms whose Scientific Advisory Boards are popu-
lated with prominent researchers. Groysberg and
coauthors show that top performers can reduce the pen-
alties associated with switching firms if they move with
teammates rather than making solo moves (Groysberg
and Lee 2008, Groysberg et al. 2008). If prestige attracts
resources, then stars may be advantageously positioned
to attract, and then benefit from, stronger constellations.
Likewise, strong constellations may be advantageously
positioned to attract, and then benefit from, star players.

In a related stream, a star-constellation spillover effect
posits that the superior performance of research teams
including eminent scientists may be driven by positive
externalities generated by the star that rebound to the
benefit of the constellation. Both Azoulay et al. (2010)
and Oettl (2012) take advantage of a rare, yet disruptive,
event, the unexpected death of star scientists, to sidestep
endogeneity issues and investigate how such losses
affect the subsequent performance of coauthors. Identi-
fying stars based on cumulative scientific achievement,
Azoulay et al. (2010) observe a 5%-10% lasting decrease
in coauthor quality-adjusted publications following the

death of a superstar collaborator and this decrease is
credited to “the loss of [an] irreplaceable source of
ideas” (Azoulay et al. 2010, p. 552).* Qettl (2012) broad-
ens the definition of stars to include both productivity
and helpfulness and finds that the output quality of sur-
viving coauthors decrease between 14% and 16% when
a star collaborator dies compared with when a nonstar
collaborator dies. In a similar vein, several papers have
taken advantage of immigration shocks (Waldinger
2012, Borjas and Duran 2015), noting the decline in pro-
ductivity of collaborators left behind when superstars
exit. These studies, however, are silent on the caliber of the
team attracted by the star. Furthermore, the coauthors-to-
star spillovers are rarely considered, which may lead to an
overestimation of the contribution of the star to joint
performance.

Although the current literature on star scientists has
theorized about these key mechanisms, they have been
analyzed independently and one-sidedly, leading to an
incomplete understanding of when stars or constella-
tions contribute more to joint performance outcomes.
This gap in our understanding of relative contribution
rests, to a great extent, on limited methodological
options available to study the reinforcing aspects of
complementarities and sorting. Simply put, it is impor-
tant to address complementarity-driven collaboration
matching and contribution endogeneity issues. Consid-
eration of market context is also needed as relative con-
tribution is shaped by the uniqueness of the stars and
constellations and availability of viable alternatives for
collaboration. We turn to these challenges now.

3. Overview of Methodological Design

and Study Context

3.1. Overview of Methodological Design

The standard identifying assumption for assessing the
contribution of a party to team performance entails
observing a random assignment of different types of
star PIs to otherwise similar constellations (respectively,
a random assignment of constellations of various char-
acteristics to similar stars). Under a random assignment,
one could regress the joint output on the characteristics
of PIs and constellations and estimate how the output
changes with the type of individuals involved (for a
more detailed discussion, see Lazear et al. (2015), who
study a context in which the boss is assigned ex-
ogenously to the team). In academia, parties self-select
for collaboration instead of being assigned into PI-
constellations pairs and observed collaborations do
not satisfy the random assignment condition. Perfor-
mance is thus endogenous to team formation. A com-
mon way to deal with an endogeneity problem entails
finding instrumental variables that explain collabora-
tion formation and do not affect team performance. The
difficulty is that individuals’ preferences over whom to
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collaborate with are intrinsically related to the expecta-
tion that some collaborations are more productive than
others. Thus, considerations leading to partner choice
typically affect the subsequent collaboration perfor-
mance, which restricts the range of valid instruments.

Given the limitations of the standard econometric
methods, and in the absence of experimental data, sev-
eral studies have used a quasi-experimental research
design in which stars or constellations are added or
removed from collaborations due to exogenous circum-
stances such as (premature) death (Azoulay et al. 2010,
Oettl 2012) or (forced) emigration (Waldinger 2012, Bor-
jas and Duran 2015). This approach estimates one-sided
average effects of one party’s contribution to joint per-
formance but does not simultaneously parse out and
compare both parties’ contributions in nonrandom col-
laboration. Using this research design may overestimate
the removed party’s contribution, as it does not consider
that some of the value attributed to the missing party
results from synergies created with their partner.

Another empirical approach to identify the contribu-
tion of star performers separately from that of their
teams, peers, or organizations leverages mobility events
and builds on the fixed effects estimation of Abowd et al.
(1999) (AKM). The challenge in this stream of work is
that the standard AKM model also relies on strong
assumptions, such as a random mobility of players
across collaborations.” Abowd et al. (2019) show that
fixed effects estimates are highly sensitive to the exo-
geneity assumption and obtain different estimates
under endogenous mobility. There has been great inter-
est in recent empirical work to address this endogeneity
challenge (Archidiacono et al. 2017, Black 2019, Bhaskar-
abhatla et al. 2021). However, in any variant of the fixed
effects approach, the decomposition of a party’s contri-
bution to output relies fundamentally on estimating
individual and match fixed effects. Thus, by design,
these estimation techniques are unable to deal with the
multidimensionality of complementarities that bring
matched entities together, an issue that we will show to
have greater importance than previously thought.

Our methodological precedent is the study of Tervio
(2008) of CEOs.® The author studies the matching of
CEOs and firms and estimates the relative extent to
which CEO talent and firm size contribute to the
observed levels of economic surplus as captured by
CEO pay and firm market value. Notably, he finds that
differences in managerial ability are small and lead to
little difference in economic surplus, whereas differ-
ences in firm size account for the largest effect.

Similar to Tervio (2008), we tackle the endogeneity
problem of nonrandom selection in star-constellation
pairing by using a structural, matching assignment
model that integrates the selection process of parties for
collaboration and yields predictions about how they
match. We develop a deliberately stylized model in

which the focus is on the matching of PIs and constella-
tions, with the underlying complementarities between
their respective bundles of attributes driving their joint
productivity.” Relative to Tervio (2008), our approach
has two distinctive features: (a) we estimate a richer
multidimensional matching model, whereas Tervio con-
siders only one attribute on each side of the market (in
his model, firms are characterized only by size and
CEOs only by ability), and (b) our methodology allows
us to consider discrete characteristics of agents instead
of assuming a continuous distribution of firm and CEO
attributes. Although assuming a continuum of agents is
attractive from a computational perspective, it is less
appropriate for exploring “smaller” markets where
“gaps” between agents on either side of the market are
more relevant.

We use the identification technique developed by
Fox (2010, 2018) to estimate the function describing
the joint value that PIs and constellations expect to cre-
ate by being matched. We detail this estimation process
in Step 1. Three key assumptions underlie our matching
approach. Assumption 1 states that the overarching
objective of collaboration is knowledge creation. Parties
in a match seek to maximize joint value (knowledge
creation) under the expectation that more value will be
created through collaboration relative to working inde-
pendently. In practice, various outcomes such as inven-
tions, publications, grants and influence are associated
with knowledge creation. In our model, we treat the
value creation function as a broad umbrella term with-
out distinguishing between these outcomes. With the
assumption of a common objective of knowledge crea-
tion, the matching criteria are held to be consistent
across collaborations. We discuss the factors theory has
suggested drives matching in support of knowledge
creation and the construction of variables that guide our
empirical approach in Section 4.1.

Assumption 2 stipulates that constellations are static
and preformed. We envision the constellation as a bun-
dle of observable attributes. We abstract away from
modeling individual choice in constellation formation
as our focus is not on the individual decision to join a
team. Nor is our focus on the process of how the PI
assembles the constellation. As such, we sidestep all
issues of bargaining in constellation formation. The con-
cept of “constellation” captures the often overlooked
“one-to-many” structure of collaboration. In this struc-
ture, a collaboration is not the summation of indepen-
dent dyads but rather, from the perspective of the star, a
one-to-many relationship, in which the “many” ele-
ments form an inseparable bundle of attributes. Our
approach is in line with Tervio (2008) who studies
matching between CEOs and firms, where firms are a
distinct entity.

Assumption 3, which is grounded in the game theo-
retic perspective, asserts that observed collaborations
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reflect the revealed preferences of participants and that
the configuration of observed matches is pairwise sta-
ble. Pairwise stability stipulates that no two parties
among those not currently matched to each other would
both find a match among themselves more attractive
than their respective current match. The stability condi-
tion is a standard assumption of matching equilibrium
(dating back to Shapley and Shubik (1971)), and the
empirical estimator we are using (Fox 2010, 2018) is built
on this assumption. Taken together, these three assump-
tions allow us to use the observed collaborations to infer
back on the relative importance of complementarities
driving the match, that is, to estimate the value creation
function of the collaboration.

The novelty of this paper comes in the subsequent
step (Step 2: Contribution) in which we extend the
matching model to calculate the contribution to joint
value creation for each party (PI and constellation)
involved in a collaboration. This is detailed in Sec-
tion 5. The contribution of each side is given by a
value-capture interval: That is, the contribution is
bounded by the maximum and the minimum value that
principal investigators and their constellations expect
to capture by pairing up. From a theoretical stand-
point, these notions have been advanced by MacDon-
ald and Ryall (2004) and Brandenburger and Stuart
(1996) and are central to an understanding of value
capture. We use the estimates of the value creation
function obtained in the first step as parameters in the
model of value capture. In Online Appendix 2 we pro-
vide the proofs. Our unique empirical approach con-
sists in creating counterfactual pairings where ‘stars’
are rematched with the best available constellation
under a scenario in which their observed constellation
is absent from the market. The intuition is that the esti-
mation of an agent’s contribution to a relationship
requires building counterfactual scenarios that take
into account the value creation alternatives available to
that agent, because these alternatives influence the
agent’s value capture potential. We do the rematching
under the assumption that the drivers of value creation
(i.e., the patterns of preferences for partners observed
in this empirical context) are those revealed by the esti-
mates of complementarities obtained in the first step.
The counterfactual pairing keeps the bundle of attri-
butes of each constellation unchanged.

3.2. Context

Knowledge generation activities are increasingly shift-
ing from being an individual effort to a team-based
endeavor. We examine collaborative knowledge pro-
duction in the context of academic research. The size of
scientific research teams has been growing steadily with
the number of authors per paper and/or inventors per
patent rising at rates of 15%-20% per decade since the
mid-1950s (Adams et al. 2005, Wuchty et al. 2007). In

2005, more than 80% of science and engineering publica-
tions and close to two-thirds of all patents were products
of multiple authors or inventors (Jones 2011). Furthermore,
the evidence suggests a performance differential between
solo and team-based efforts, with teams increasingly
emerging as the source of higher-impact work (Wuchty
et al. 2007; Jones 2009, 2011; Singh and Fleming 2010;
Bikard et al. 2015). In sum, teams have become pervasive
and essential players in scientific knowledge production
and innovation, yet we have limited understanding of the
matching process underlying collaboration and the rela-
tive contribution in the collaborative dyad.

Our sample of collaborations comes from the Tech-
nology Transfer Office (TTO) at one prominent (R1) U.S.
research university with a renowned Medical School.®
Complementarities that support knowledge creation
should be consistent regardless of the ultimate packag-
ing of this knowledge—if the product is an invention or
a publication. We use invention disclosures in our study
as invention data give us more accurate information
regarding members who contributed to knowledge/value
creation in a collaborative effort. Given the legal standards
associated with intellectual property claims underlying
invention disclosure, the attributions in invention disclo-
sure sidestep the social noise (favors, gifts, norms) that the
literature has shown affects publications (Haeussler and
Sauermann 2013). We have detailed data on the composi-
tion of 555 invention collaborations from this university
for years 1988 to 1999. This constitutes the entire popula-
tion of collaborative projects that have disclosed an inven-
tion to the TTO.” Filing an invention disclosure is the
initiating step in the commercialization of academic re-
search. However, there is significant variation in the
potential of disclosures received as there are no objective
standards that faculty discoveries must meet to warrant fil-
ing (Jensen et al. 2003). Faculty may disclose low-value
findings to remain in compliance with the requirement of
funding sources or due to overoptimistic evaluation of
their own research contributions.

Team formation in the academic research context is
internally managed rather than externally assigned.
Broadly, the PI sets forth a research agenda, solicits
funds to pursue this agenda, and then partners with a
constellation, either within their laboratory group or
across laboratory groups, to explore specific research
questions. Team formation is a two-sided selection
process. The PI seeks to draw skilled students and col-
leagues to the PI's projects, whereas these same indivi-
duals evaluate multiple opportunities seeking to align
themselves with most promising projects and investiga-
tors. As new constellations are formed around specific
research questions, it is not unusual to see a particular
PI concurrently working with multiple unique constel-
lations. Although at times PIs may work with their
entire laboratory, PIs tend to work with multiple con-
stellations that are subsets of their labs (Conti and Liu
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2015). It is also not uncommon to see collaborations
that span labs and departments, involve multiple full
professors, and include researchers from external
institutions.'

The 555 collaborations in the data involve a total of
1003 unique scientists, of which 248 serve as PIs. To des-
ignate stars, we defined a group of 30 highly productive
scientists in terms of publications and external recogni-
tion through citations using the Web of Science. Specifi-
cally, we identified stars as the scientists in the top 5% of
the distribution of Web of Science citations received by
individuals in our sample during the five-year window
prior to the collaboration year. The distribution of cita-
tions considers the differences in citation propensity
across fields by grouping scientists in three broad areas,
basic life sciences, clinical life sciences, and engineering
and physical sciences, per their departmental affiliation.

During the entire period studied, the 30 star PIs in our
sample were involved in 105 collaborations. Half of the
stars had more than one collaboration per year but only
one star PI reached the maximum of five collaborations
in a year (with three others having four collaborations in
their most active year). Among the 218 nonstar Pls, only
13.2% had more than one collaboration per year, and
those who did were either “rising stars” (in the sense
that these individuals would eventually become stars
toward the end of the time period studied here) or indi-
viduals whose citations were close to the cutoff thresh-
old for being considered a star. To construct the human
capital in the collaboration (PI and constellation), we
hand-collected information on scientists’ publication
records from ISI/Web of Science, vitae, and bios.

As an example, consider the collaborations of one of
the prominent star scientists in our data set. This profes-
sor, Professor A, a Howard Hughes Medical Investiga-
tor, participated in multiple collaborations. In 1988,
Professor A had a citation count of 19,185 and collabo-
rated with a constellation of three consisting of an asso-
ciate professor and two postdoctoral students, who
together amassed 15,264 citations. In 1992 Professor A,
who at that time had a citation count of 23,228, worked
with a constellation of four, who also had high impact
as represented by their combined citation count of
20,539. This constellation was diverse in terms of aca-
demic rank, including a full, an associate, and an assis-
tant professor, as well as a postdoctoral student. These
constellations differed in terms of their experience
working together, with the first having a deeper collabo-
ration record than the second. However, the second con-
stellation showed a stronger commonality with the PIin
terms of research subject areas. The PI was highly
focused on basic science research and constellations
shared that focus and published in journals that
specialized in such research. In both these cases, the
constellation included some individuals who worked
in Professor A’s laboratory, some individuals from

different labs at the same university, and some indivi-
duals from outside research institutions, including one
in Europe. One of the team members subsequently
became a star and formed multiple collaborations as a
PI that did not include Professor A.

4. Step 1: Matching Estimation

4.1. Drivers of Matching

Numerous factors that may drive matching have been
discussed in the literature. These factors fall within four
main categories: (1) quality, (2) size, (3) knowledge, and
(4) experience. We turn now to discuss the logic for
including these factors in our matching model and then
we detail their operationalization.

4.1.1. Quality. A fundamental attribute of teams
believed to underlie performance is member “quality.”
Simply, a collection of high-performing researchers is
more likely to coalesce into a high-performing team
than is a collection of low-performing researchers. In
general, a positive assortative matching on research
quality between PI and constellation is expected, as each
party will strive to work with the best available counter-
party. This aspect of matching was noted by Kremer
(1993) who provides a more general justification of
assortativeness in the skills of agents collaborating in
knowledge production. We measured quality and
prominence (PI: Research Impact, C: Research Impact
Impact) as the number of citations received by a scientist
during a six-year window prior to (and including) the
collaboration year."" Although an imperfect measure of
ability, past research achievements (proxied by publica-
tion counts and citation rates) shape scientific reputa-
tions and are often interpreted as a signal of researcher
quality (Stern et al. 2014). We focused on a limited time
window prior to collaboration to capture the extent to
which a scientist’s research has received recent recogni-
tion by the academic community in the years preceding
collaboration. We included citations and articles pub-
lished during the collaboration year to account for pub-
lication lag. Because the distribution of this variable is
skewed across fields and scientists, we applied a log
transformation and we checked the robustness of results
to this transformation.

4.1.2. Size. Team size has been argued to have both
positive and negative influences on team performance.
On the positive side, larger teams can signal the pres-
ence of greater resources. The sheer fact that a large
team has been assembled for a research effort reflects a
substantial commitment in personnel, facilities, and
research materials. Furthermore, as each individual
team member brings their own set of human and social
capital to the collaboration, larger teams can benefit
from greater aggregate capital levels and the subsequent



Mindruta et al.: Stars in Their Constellations: Great Person or Great Team?

Management Science, Articles in Advance, pp. 1-22, © 2024 INFORMS

effort of a greater number of individuals (Reagans and
Zuckerman 2001). On the negative side, performance
may suffer given the increasing coordination challenges,
free-riding hazards, and credit-sharing concerns that
accompany expansion of team membership (Holm-
strom 1982, Jin et al. 2019). In our sample, the size of the
constellation ranges from 1 to 14 individuals and is
skewed toward lower values. Because of these reasons,
we measure size (C Size) as the square root of the count
of individuals in the constellation. Size alone, however,
is a blunt indicator of collaboration capabilities and/or
internal dynamics. Understanding the level of benefits
or costs accruing to a research team of any particular size
requires digging into their unique knowledge-related
attributes and their experience-based relationships.

4.1.3. Knowledge. One oft-cited benefit of knowledge
production teams is the potential to support individual
specialization while exploiting the complementarities
between the individual team members (Adams et al.
2005). The advantage of such division of labor is typi-
cally argued to accrue from success in managing the
rapidly expanding “burden of knowledge” needed to
operate at the technological frontier in an innovative
field (Jones 2009). Through collaboration, a scientific
team can both benefit from, as well as overcome the lim-
itations of, the deep yet narrow knowledge of individual
members (Jones 2011, Bikard et al. 2015). Relatedly,
teams can bring together scientists holding diverse
knowledge (across-technological fields) leading to
both search and combinational advantages. Specifi-
cally, scientists grounded in different disciplines will
approach research challenges from different perspec-
tives and are likely to search for solutions in different
technological domains. This broader search can give
rise to novel insights and new research trajectories
(Reagans et al. 2005). In addition, the diverse knowl-
edge of team members allows for greater experimenta-
tion and the generation of a greater set of domain-based
combinational alternatives. It is these unique combina-
tions that underlie discovery and spawn innovation
(Taylor and Greve 2006, Fleming et al. 2007). Although
scope (diversity) is necessary, scope alone is not suffi-
cient to prompt recombinatorial innovative activity. If
the knowledge held by the different team members is
distant and nonoverlapping, the challenge to integra-
tion will be high. The PI and constellation benefit from
some overlap of knowledge elements as such overlap
provides a common ground from which to build on as
they incorporate less familiar (or new to one partner)
knowledge. However, the value that can be created is
expected to decrease if the knowledge portfolios of the
constellation and the PI are too similar given redundan-
cies in knowledge.

We include two dyadic terms to measure knowledge
similarity between the PI and the constellation in terms

of scientific expertise, or knowledge portfolios: PI-C
Knowledge Similarity and PI-C Knowledge Similarity
(Squared). To build these variables, we first pooled
together all publications of all individuals in the constel-
lation. We calculated the knowledge vector for both Pls
and constellations as the frequency of publications in
the multidimensional space formed by the subject cate-
gories in which they published. The PI-C Knowledge Sim-
ilarity is a proximity measure defined by the cosine
similarity between PI's knowledge vector and the con-
stellation’s knowledge vector. To identify the subject
categories of a publication, we relied on the standard-
ized categories reported by ISI Web of Science. PI-C
Knowledge Similarity ranges from zero to one, with
higher values indicating greater similarity in the knowl-
edge expertise shared. Given that theory predicts that
high similarity may benefit collaborations by reducing
communication costs but that too much similarity may
be detrimental to innovation, we include PI-C Knowledge
Similarity (Squared) to allow for a potential diminishing
effect of knowledge proximity.

Beyond scientific disciplines, cohort membership (or
professional age) can contribute to the knowledge diver-
sity of collaborations. There is significant evidence of a
“vintage effect” in science, where academics trained in
different periods anchor to different reference points in
the field and hold different research, innovation, and
commercialization norms. These cohort differences can
simultaneously influence question selection, investiga-
tive process, and scientific productivity (Levin and Ste-
phan 1991, Bercovitz and Feldman 2008). Cohort-based
diversity is expected to increase the range of search and
the variation of knowledge domains drawn upon lead-
ing to the development of more innovative solutions
(Guimera et al. 2005). The rank diversity variable (C
Rank  Diversity) captures constellation’s diversity in
terms of six academic rank levels: 1, staff; 2, student; 3,
postdoc; 4, assistant professor; 5, associate professor; 6,
full professor. Following Reagans and Zuckerman
(2001), we measured this variable as the mean of the
absolute difference in rank levels between any two
individuals.

Collaborations can be further characterized by how their
research efforts are distributed across basic, translational,
and applied domains. Recent studies have documented
significant heterogeneity in academic researchers’ “taste
for science” (Roach and Sauermann 2010). Although some
investigators follow traditional academic norms and show
a marked preference for focusing their inquiries on
upstream basic science, other researchers are partial to pur-
suing downstream applied questions that are perceived to
have direct clinical or industrial implications (Sauermann
and Stephan 2013). Such variation in research profiles,
ranging from a strong “taste for science” to a high “affinity
for application,” has implications for collaboration dynam-
ics. Whereas some degree of diversity in subject area
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knowledge is desired, similarity in research profiles may
be advantageous as conflict within a team is expected to be
lower when collaborators approach research from a com-
mon perspective and with common motivations. Broadly,
as the nature of the work (basic, translational, or applied)
has implications for the framing of studies, the organiza-
tion of project activities, the expected pace of work, and
the choice of when, how, with whom, and to what degree
the collaboration will engage with the larger scientific/
innovation community, working with other’s holding a
similar research profile is logical. (Dasgupta and David
1994, Tijssen 2010, Sauermann and Stephan 2013, Cohen
etal. 2020).

The Pl-constellation similarity in research profile
(PI-C Research Profile Similarity) is a dyadic variable. We
first built the vectors of PIs" and constellations’ fre-
quency of publications in research application domains
as revealed by the journal types in which scientists have
published. We rely on the application domains identi-
fied by Tijssen (2010). The application orientation classi-
fication extends the dichotomy between basic and
applied research by capturing the organizational envi-
ronment in which research activities are conducted.
Using an extensive bibliometric analysis of the affilia-
tion of authors publishing in all journals indexed by the
Web of Science database, Tijssen (2010) identified the
following six sets of journal application domain catego-
ries: (1) academic, (2) industry relevant (with some con-
tributions from corporate authors), (3) industry practice
(with many contributions from corporate authors), (4)
clinical relevant (with some contributions from authors
affiliated with hospitals and medical centers), (5) clinical
practice (with many contributions from authors affili-
ated with hospitals and medical centers), and (6)
industry-clinical relevant (with some contributions
from both industry and hospitals/medical centers). To
build the application domain profile of PIs and constel-
lations, we calculated the percentage of publications
that PIs and constellations had in each journal category,
as classified by Tijssen (2010). The PI-C Research Profile
Similarity is the cosine similarity of the research profile
of a Pl-constellation pair, calculated in the observed and
counterfactual collaborations.

4.1.4. Experience. Communication and coordination
are pervasive challenges in teamwork (Zenger and
Lawrence 1989, Reagans and Zuckerman 2001).
Discipline-specific languages and methods can impede
the development of common understanding and hinder
knowledge transfer (Simonin 1999). These communica-
tion difficulties, in turn, can exacerbate coordination chal-
lenges as key interdependencies in the research process
may not be recognized, conveyed, or addressed in a
timely and efficient manner (Porac et al. 2004, Cummings
and Kiesler 2005). Taken together, such communication
and coordination hurdles can slow, or even derail,

scientific advancement. One type of experience that can
lower these hurdles is the experience the members of the
constellation have had with each other (Reagans et al.
2005). Through past interactions, team members gain
familiarity with the field-specific scientific jargon and the
training-ingrained perspectives of their cross-disciplinary
peers. Via experience, research constellations establish a
baseline level of common understanding that enables
knowledge sharing and joint knowledge production.
Moreover, informational social influence, a byproduct of
familiarity, can engender a melding of research perspec-
tives and lead to a collective research identity within the
constellation (Katz 1982). In addition to better communi-
cation, prior experience working together enables the
constellation to map out standardized practices and
develop routines (Huckman and Pisano 2006). These rou-
tines can streamline the research process and effectively
reduce the coordination costs of leveraging the diverse
knowledge that is distributed across the constellation
(Taylor and Greve 2006). The variable C Experience cap-
tures the experience of individuals in the constellation via
the number of coauthored articles by any members of the
constellation. We excluded publications coauthored with
the PI from the count. We scaled the team experience
count from zero to one. We coded the experience of con-
stellations of one individual as one, under the assumption
that there are no communication or coordination frictions
within a team of one.

4.2. Matching Model and Estimation

Underlying our matching model of team formation is
the idea that PIs and constellations match with the over-
arching objective of knowledge creation. The value cre-
ated jointly, denoted by v(PI, C), increases with the
strength of synergies between the attributes of PIs and
constellations. We model the joint value v(PI, C) as a
knowledge production function (or, equivalently stated,
as a multidimensional matching function), whose in-
puts are the complementarities between PI and constel-
lation attributes.

V(PI, C|B) = B,PI: Research Impact * C: Research Impact
+ B,PI-C Knowledge Similarity
+ B,PI-C Knowledge Similarity (Squared)
+ B,PI-C Similarity in Research Profile
+ B5PI: Research Impact + C: Rank Dispersion
+ B¢PI: Research Impact = C: Experience
+&pi + Eci + €pncis @

where &pj; and E¢; are, respectively, PI and constellation
fixed effects, and €py;c; are match-specific errors.
Equation (1) builds on the hypothesis that matching is
driven by the expectation that PIs of a higher research
impact create more value when collaborating with
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constellations of higher research impact () and constel-
lations of larger size (1). The term ; containing the con-
stellation size also serves as a control variable for better
isolating the effects of the other constellation attributes
in the model."”” Knowledge-related considerations sug-
gest that higher value is created when PIs collaborate
with constellations with a moderate degree in the exper-
tise shared with the PI: thus, we expect 8, to be positive
and f3 to be negative. A more similar research profile is
also a potential source of synergy in collaboration, as
individuals who share similar taste for science are less
likely to have conflicts over project direction and goals.
We test this hypothesis via ;. Additionally, we expect
complementarity between PI’s research impact and the
cohort diversity in the team (fs) as strong PI are better
positioned to attract both seasoned and novice research-
ers, who in turn benefit more from working with more
prominent PIs. The experience-related considerations
suggest complementarity between PlIs of higher research
impact and constellations with more experience of work-
ing together (B¢).

As a reminder, we assume that the matching criteria
are consistent across collaborations, given the common
knowledge creation objective. Experienced academic
researchers arguably share a common understanding of
what complementarities are central for knowledge crea-
tion. Because of variation in the bundle of attributes each
party holds, however, this understanding does not imply
a common ranking of partners on the other side of the
market. We acknowledge that PIs or constellations
could have some idiosyncratic preferences for whom
to collaborate but assume that these preferences are
not correlated with the revealed complementarities
and, instead, are subsumed in the error term &pjic;.
This is Assumption 4.

To estimate the match value function v(PI, C|B) we
use a nonparametric method suitable for studying
matching contexts known as the maximum score esti-
mator (Fox 2010, 2018). As we discussed in Assumption
2, the estimator assumes and exploits the pairwise
matching stability condition (Fox 2010). This condition
translates into stating that the sum of the value created
by any two observed collaborations in the data, say (v
(PL, Ci|B) created by {PI; and Constellation C;} and v
(P, G| B) created by {PI; and Constellation C;} is greater
than the sum of value created by counterfactual colla-
borations obtained by switching partners (here, {PI; and
Constellation Cj} and {P]; and Constellation C.))." For-
mally, this condition, commonly referred to as a “local
maximization condition” (Fox 2010), is an inequality:

U(PII, G |ﬁ) + U(PI], C] |ﬁ) > U(PII, C] |ﬁ) + "U(PI], G LB)
@

Equation (1) can be estimated under fairly standard
econometric assumptions regarding the unobservable

terms and standard errors. Following Fox (2018) we
assume that the unobserved agent-specific fixed effects
&pri and &¢; are not correlated with the observable char-
acteristics of PIs and constellations included in the
model. When Inequality (2) is written for the match
value v described in Equation (1), fixed effects &py; and
&ci cancel out. Intuitively, this reflects the idea that only
the “interacted” attributes of the entities on the two
sides of a matching market matter in the matching pro-
cess. The estimator does not impose a distribution on
the match-specific errors ¢pjc;. It allows heteroskedasti-
city, and the distribution of unobservables does not
have to be the same across markets either (Fox 2010).
Conditional on the observable covariates in the model,
error terms are assumed to be independently distrib-
uted and uncorrelated with the unobservable terms.
Coefficient estimates are obtained by maximizing the
number of satisfied inequalities. Let i be a market index,
which takes values from 1 to 33, and three distinct mar-
kets (basic life sciences, clinical life sciences, and engi-
neering and physical sciences, which we describe in
more detail below) over 11years. Let Nj, be the total
number of collaborations in a market /. The estimates
are obtained by numerically computing the global max-
ima of the function that counts the number of correctly
predicted inequalities for all combinations of realized
and counterfactual collaborations within all 33 markets:

QP =((NIN=-1)">" > 1[o(PL,Cip)

h 1<i#<Nj,
+0(PL;, Gj|B)>v(PL, G| B) +o(PL;, Gi|B)]  (3)

where N = )", N, and 1[.] is an indicator with a value of
one if the inequality in the parenthesis is true and zero
otherwise.

An attractive feature of the estimator is its ability to
deal with the nonrandom feature of collaboration for-
mation and accommodate the constraints a party could
have in securing a collaboration with the most desirable
individual(s). The matching Equation (1) incorporates
(through the interaction terms) the mutual preferences
of PIs and constellations when deciding whom to collab-
orate with for a research project. Inequality (2) accounts
for the constraints that PI and constellations have when
picking collaborators who may have more valuable
partnering alternatives."*

Writing Inequalities (2) requires defining the bound-
aries of “matching markets” within which partner
switching among collaborations was plausible within
our context. We consider that relevant exchanges could
have taken place within the same scientific field as the
one of the principal investigators and within the same aca-
demic year (Assumption 5). By adopting this convention,
we define 33 “matching markets” corresponding to three
academic fields (basic life sciences, clinical life sciences,
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and engineering and physical sciences) and the 11 academic
years in the sample."” Counterfactual Pl-constellation dyads
are built within the boundaries of each market. Around
34% of the 555 collaborations observed in the sample
occurred in basic life sciences with representative depart-
ments including genetics, immunology, neurobiology, and
pharmacology; 45% of the collaborations in clinical life
sciences with departments such as anesthesiology,
OB-GYN, pediatrics, and surgery; and 21% of the colla-
borations in engineering and physical sciences with
departments such as biophysics, biomedical engineering,
and chemistry.

The empirical matching function (1) contains three
sets of covariates: the attributes of the Pls; the attributes
of the constellation of individuals collaborating with
the PI; and dyadic variables that measure similarity
between a PIs and a constellation, calculated for both
the observed 555 collaborations and, as required by the
estimation, the counterfactual ones. The values taken by
the covariates vary highly in scale, across years, and
across specialization area. To make the range of covari-
ates more comparable to each other, we rescaled them
to take values from zero to one, with zero representing
the lowest value in the sample and one being the highest
value taken by that covariate in a market. This rescaling
does not change the nature of complementarities
between the corresponding attributes, and we account
for it in the interpretation of results.

4.3. Descriptive Statistics and Matching Results

Table 1 shows the descriptive statistics. The maximum
value of research impact is 28,748 citations in the case of
principal investigators and 33,681 in the case of constel-
lations. On average, principal investigators received
3,657 citations and constellations roughly half of that
(1,874 citations). The correlation between the two sides’
Research Impact is 0.505, which is already an indication
of assortative matching on research impact (see also
Ahmadpoor and Jones (2019) for recent evidence on pos-
itive assortative matching on citations of coauthorship
constellations). This is the strongest correlation across

Table 1. Descriptive Statistics

the two sides’ attributes. In general, the variable PI
Research Impact correlates positively with all constellation
variables with which it interacts in the matching
equation (size, rank dispersion, and experience vari-
ables). There is important variation in the sample on
all dimensions.

Because the value creation function that describes
matching does not have a natural scale, the maximum
score estimator requires a scale normalization. For this
purpose, we set up the coefficient fy, which measures
the complementarity between PI and constellation re-
search impact, to be equal to one. The interpretation of
this positive relationship is that the higher the research
impact of a principal investigator, the higher the returns
from collaborating with constellations of higher re-
search impact and vice versa. The magnitude of all other
coefficients will be evaluated relative to this baseline
coefficient. Table 2, Panel A, describes the results. We
report the coefficient estimates and the 95% confidence
intervals.

In line with the theoretical logic, we find evidence
that knowledge-related and experience-related attri-
butes are central in the matching process and a key
source of complementarities. Some knowledge similar-
ity between the PI and the team has a positive effect on
matching (B, = 5.779), suggesting a perceived value of
common perspectives and common language for inno-
vation pursuits. However, similarity squared has a neg-
ative effect on matching (3 = —2.646), indicative of the
potential penalties associated with knowledge redun-
dancies and reduced opportunities for innovation
through novel recombination. Another knowledge-
related synergy arises from similarity in the research
profile. We find strong evidence that PIs and constella-
tions match on considerations related to their applica-
tion orientation, whether it be similarity in a taste for
basic science or similarity in a taste for appliedness (84 =
3.390). Furthermore, knowledge-related considerations
stemming from complementarities between PI's re-
search impact and constellation rank diversity are also
a significant matching driver (85 = 1.620). The positive

Standard
Variable Mean deviation Minimum Maximum 1 2 3 4 5 6 7 8
1. PI: Research Impact 3,556.728 4,885.78 2 28,748 1
2. PI-C Knowledge Similarity 0.513 0.258 0 1 0.073 1
3. PI-C Knowledge Similarity (squared)  0.330 0.271 0 1 0.019  0.965 1
4. PI-C Similarity in Research Profile 0.712 0.293 0 1 0.283 0267 0227 1
5. C: Research Impact 1,699  3,652.102 0 33,681 0556 0.014 —0.025 0.169 1
6. C: Size 2.043 1.460 1 14 0.273 —0.031 —0.081 0.02 0.440 1
7. C: Rank Diversity 0.164 0.232 0 1 0.121 —-0.128 —0.162 0.033 0.268 0.454 1
8. C: Experience 0.185 0.274 0 1 0.166 —0.008 —0.008 0.160 0.192 0.009 —0.157 1

Notes. Descriptive statistics are shown for the observed 555 collaborations. PI refers to the Principal Investigator; C to the constellation; PI-C
denotes attributes specific to the collaboration between the PI and the constellation.
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Table 2. Matching Model Estimates

Panel A: Estimates of the (matching) value creation function

Coefficient Relationship Point estimate 95% confidence interval
Bo PI: Research Impact X C: Research Impact 1 Superconsistent
B1 PI: Research Impact x C: Size 0.865 {-0.202, 1.932}
B2 PI-C Knowledge Similarity 5.779 {2.842, 8.716}
B3 PI-C Knowledge Similarity Squared —2.646 {—4.835, —0.456}
Ba PI-C Research Profile Similarity 3.390 {1.792, 4.989}
Bs PI: Research Impact x C: Rank Dispersion 1.620 {0.148, 3.092}
Bs PI: Research Impact x C: Experience 2.078 {0.795, 3.360}
Panel B: Relative importance of matching drivers
Point Standard deviation  Point estimate x Standard Covariate’s
Coefficient Covariate estimate of covariate deviation relative impact
ﬁ:o PI: Research Impact X C: Research Impact 1 0.278 0.278 1
B4 PI: Research Impact x C: Size 0.865 0.270 0.234 0.840
B, PI-C Knowledge Similarity 5.779 0.259 1.497 5.384
B3 PI-C Knowledge Similarity Squared —2.646 0.271 -0.717 —2.579
Ba PI-C Research Profile Similarity 3.390 0.293 0.993 3.573
Bs PI: Research Impact X C: Rank Dispersion 1.620 0.162 0.262 0.944
Be PI: Research Impact x C: Experience 2.078 0.221 0.459 1.652

Notes. All variables are rescaled to take values between zero and one. The importance of a coefficient estimate is calculated as the impact on the
match value of one standard deviation increase in the covariate (point estimate X standard deviation of the covariate). The table reports the impact
of PI-C Average Knowledge Similarity separately for the direct and the quadratic term. The combined, net impact of this variable is equal to , x
s.d. +2p, Xs.d. x x, where x (0 < = x < =1) stands for PI-C Average Knowledge Similarity and s.d. is the standard deviation of this variable (0.259).
The net impact ranges from 0.126 to 1.497 and the relative impact from 0.453 to 5.384. The relative impact of PI-C Knowledge Similarity on the
match value is greater than the impact of the baseline relationship for all values of PI-C Average Knowledge Similarity below 0.888.

sign of B¢ = 2.078 coefficient suggests complementarities
between research quality on the PI side and higher expe-
rience of the constellation side. Ceteris paribus, we do not
find evidence of synergies between research promi-
nence and sheer constellation size (; is small and
nonsignificant).

To aid interpretation, Table 2, Panel B, shows the rela-
tive importance of each complementarity in the match-
ing process. Because the predicted match value lacks a
natural metric, we focus on the impact on the match
value of a one standard deviation increase in each com-
plementarity measure. For the knowledge similarity
covariate, we report the combined effect of the simple
and squared term. Consider the baseline covariate,
which measures the complementarity between PI and
constellation research impact (PI: Research Impact X C:
Research Impact). A one-standard-deviation change in
the baseline covariate corresponds to a change in the
match value equal to 0.278, which in percentage terms,
represents on average a 5% percentage increase in the
match value v when the other covariates are left
unchanged. Reverting back to the original scale of
research impact measured as the number of citations, a
back-of-the-envelope calculation shows that a one-
standard-deviation increase in the baseline is equivalent
to each party increasing their citations by roughly 1,400
each year. This is a big gap to overcome by those PI and
constellations who start from zero or a low number of
citations.

The last column in Table 2, Panel B, reports the rela-
tive impact or importance of the other significant com-
plementarities on the match value compared with the
baseline effect of the complementarity in research prom-
inence. Because the variable PI-C Knowledge Similarity
enters in the equation both as a simple and a squared
term, its impact varies with the level of knowledge simi-
larity between the PI and the constellation (see the table
legend in Table 2, Panel B), and it is greater than the
baseline effect as long as PI-C Knowledge Similarity scores
lower than 0.888 (on a scale from 0 to 1), which happens
in 90% of collaborations. The impact of similarity in the
research profile of the PI and their constellation on the
expected match value is 3.5 times higher than the base-
line effect. The impact of the synergy between PI:
Research Impact and C: Experience on the match value is
roughly 1.5-fold higher and the impact of the synergy
between PI: Research Impact and C: Rank Diversity is simi-
lar to the baseline effect.

These findings can be further interpreted with refer-
ence to the work by Becker (1973), who showed that
complementarities lead to top-down sorting of the
matching partners along the compatible matching attri-
butes. In our context, this top-down sorting reveals that
prominent PIs are advantaged not only because they
match with constellations assortatively by research
impact, but also because they have access to, and are
preferred by, constellations with whom they share simi-
lar expertise and taste for science, constellations that
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have greater experience working together, and constel-
lations built around a higher diversity of rank which
bring varying perspectives and roles in project execu-
tion. Complementarities not only explain the rationale
behind how PIs and constellations sort for collaboration
but also describe the value they expect to create through
joint interaction (Mindruta et al. 2016).

As a validity check of the payoffs calculated and the
ordering of value creation by collaborations, we tapped
licensing data attained from the technology transfer
office of the university studied. Our post hoc analysis of
the correlation between predicted payoffs of formed col-
laborations and actual licensing data (both probability
of licensing and amount of royalties generated) is in-line
with predictions and indicates that our assumption of
positive matching is reasonable. The correlation
between estimated payoff values and the likelihood of
licensing is 0.14 (p = 0.0007) and the correlation between
estimated payoff values and licensing revenues is 0.16
(p = 0.0001). To further illustrate this relationship, we
calculated the percentage of inventions licensed and
licensing revenues for each quintile of payoffs. We find
that for inventions in the top quintile of estimated pay-
offs, 48% are licensed and the average value of licensing
revenues for this quintile is $52,555. For the bottom
quintile of estimated payoffs, only 28% of the inventions
are licensed and the revenues generated by these
licenses are much lower, averaging $2,578. These data,
shown in Figures 1 and 2, provide external validation of
our methodological approach.

5. Step 2: Calculation of

Contribution Intervals
5.1. Methodological Approach
A long-standing economic principle stipulates that an
agent’s contribution to output is proportional to that
agent’s payoff. In standard competitive models, the pay-
off is reflected in the agent’s marginal productivity (i.e.,
the increase in output associated with one unit increase
in input). Calculating the marginal productivity in a
matching context is more complex as an agent with an
improved set of attributes (i.e. a “better input”) will
assortatively match with a stronger counterparty. Thus,
both changes in input quality and subsequent changes

Figure 1. Licensing Revenue by Payoff Quintile
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in matching configurations need to be simultaneously
considered to calculate payoffs and hence contributions.
The works by MacDonald and Ryall (2004) and Bran-
denburger and Stuart (1996) on value-capture theory
provide the foundation to calculate the contribution of
an agent to a relationship in a bargaining free model,
where an agent’s contribution to a relationship accounts
for the value creation alternatives available to that agent.
The contribution takes the form of an interval, whose
boundaries are given by the maximum and the minimum
value that agents expect to capture by pairing up. We
build on this work to provide a pathway for estimating
the contribution of PlIs and constellations. Although a
general analytic solution does not exist, the formal
proofs in Online Appendix 2 establish a closed form
expression for the computation of the value-capture
interval in a matching context.

At the core of this approach is the creation of counter-
factual collaborations where stars and respectively, their
constellations are rematched with the best available
partner under a scenario in which their actual partner is
absent from the market. Our procedure for rematching
the remaining participants in the market after each
removal is based on two conditions: (a) the general
underlying preferences driving the matching of PIs and
constellations (the estimates of the value creation func-
tion Equation (1)) remain unchanged, and (b) the new
matching configuration at the market level is stable and
optimal: It maximizes the sum of the aggregate value
created by all pairings in the market. Both conditions
are aligned with our analytical solution for calculating
the value capture interval. Condition (a) allows us to
focus on the plausible value-creation alternatives
available to the participants in the market instead of
suggesting unsubstantiated alternative value-creation
objectives or preferences. Condition (b) allow us to fol-
low the linear programming solution of Shapley and
Shubik (1971) to calculate a stable configuration of
matches.'®

We begin by removing star scientists from the sample
one at a time. After each removal, we rematch the con-
stellations and the remaining PIs (including the other
stars) by applying conditions (a) and (b) described pre-
viously. After the new matching configuration was
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obtained, we calculated the total value created in a mar-
ket (i.e., the sum of the estimated joint value of all
Pl-constellation matches in the market) both with and
without the star scientist in the sample. The difference
represents the upper bound of the star’s contribution.
The upper bound is commonly referred to as the
“marginal product” or the “added value” of a player in
a strategic interaction (MacDonald and Ryall 2004, p.
1326):

MaxPli = o (PL, Glp) — D oL, GlB) (4
' 7

]

where PI'j indicates that we are indexing across all prin-
cipal investigators j, less the star i

We repeat the procedure for all constellations
matched with the stars in our sample (the “star con-
stellations”). We remove each of the star constellations
from the sample one at a time and rematch all PIs in the
market with the remaining constellations. Like before,
we recalculated the total value of all pairings in the mar-
ket with and without a star constellation in the sample.
This value loss created in the market represents the
upper bound of the constellation’s contribution:

Maij = ZU (PI], C] |ﬁ) — ZU (PI]/ C]_ll,B) (5)
J j

where C’ij indicates that we are indexing across all con-
stellations j, less the constellation that was initially
paired with the star i.

The first two steps allowed us to calculate the upper
bound of a star’s and a constellation’s contribution. The

Table 3. Contribution Intervals: Empirical Findings

lower bound of the star’s contribution (referred to by
MacDonald and Ryall (2004) as the minimum residual)
is the difference between the value created jointly by the
star-and-constellation pair and the maximum contribu-
tion of the constellation with whom the star collaborates
in the sample:

Similarly, the lower bound of the constellation’s contri-
bution is the difference between the value created jointly
by the star and the constellation and the maximum con-
tribution of the star with whom the constellation colla-
borates in the real data.

5.2. Empirical Findings

The results of this second-stage analysis are presented
in Table 3. On average, star scientists have higher contri-
bution than constellations, both in the upper and the
lower bound (see Panel A). However, a closer look at
the contribution intervals indicates that the averages do
not tell the full story. In only a subset of the star-
constellation matches is there an unequivocal domi-
nance in contribution by the star scientist. In 15 star
PI-constellation matches (or 14.3% of the 105 collabora-
tions involving a star PI observed in the sample), the
star PI is the dominant contributor, meaning that the
star’s lower bound is higher than the corresponding
constellation’s higher bound. This is clearly the subset
driving the positive average differentials found and
represents, in turn, the collaborations which prior work

Panel A: Summary of star Pls and star-constellations” contribution interval

Player Average Standard deviation Minimum Maximum
Stars’ contribution interval

Maximum bound 9.640 6.353 1.746 27.035

Minimum bound 2.113 1.084 0.000 4.174
Constellations” contribution interval

Maximum bound 5.020 1.607 1.358 9.087

Minimum bound 1.123 1.535 0.000 5.507
No. of observations (collaborations) 105

Panel B: Summary of non-star PIs and non-star-constellations” contribution interval

Player Average Standard deviation Minimum Maximum
Non-star PIs’ contribution interval

Maximum bound 4.735 3.674 0 21.001

Minimum bound 1.362 1.026 0 4.848
Non-star-constellations’” contribution interval

Maximum bound 3.606 1.682 0 7.842

Minimum bound 1.280 1.265 0 6.435

No. of observations (collaborations)

450

Notes. Values are expressed in a conventional unit of collaboration output. This conventional unit represents the additional value created when
both the PI's and the constellation’s research impact (citations) increase by 1%.
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has characterized as indicative of star-to-constellation
spillovers. Importantly, we also observe 10 collabora-
tions (9.5%) in which the value capture interval of the
constellation is higher than that of the star-PI. Further-
more, there is substantive overlap in contribution inter-
vals for the remaining star-constellation matches. In
these cases, one cannot unambiguously assert a domi-
nant contributor position and conclude that “success is
in the stars” or that “it takes a village.” Rather, the data
indicate that a minority of stars bring value that is irre-
placeable while most constellations provide sufficient
value to the market and to their collaboration to merit
“recognition” either via IP credits or financial rents. As
an illustration, Figure 3 plots the contribution intervals
for stars and star-constellations in the basic science
domain.

We conducted a similar analysis of relative added
value for the nonstar PIs and their constellations (Table
3, Panel B). Compared with the average contribution
intervals of star PIs, nonstar PIs, on average, have both a
lower maximum value and a lower minimum contribu-
tion. In the nonstar team subset, there are 76 nonstar Pls
with net contributions (14%) and 80 (14.8%) constella-
tions with net contributions. Overlaps in contributions
continue to make up a substantial proportion of the
collaborations.

5.3. Post Hoc Analysis

This analysis reveals that, in contrast to conventional
wisdom, dominating (or net contributing) stars or con-
stellations are rare. Approximately 77% of the time, we
find that the resultant value is created jointly by the stars
and their constellations. Indeed, the attributes of these
players are reinforcing with reciprocal spillovers creat-
ing strong complementarities in these PI-constellation
collaborations. To fully understand our findings, we
look further into the defining feature of those cases of
dominating players. To do so, we estimate the joint
value lost when players on one side of the market (PIs,
respectively, constellations) are taken out of the market
and, through rematching, replaced in the collaboration
by their next best substitute.'® We start with an analysis
of the 105 collaborations involving a star PI. We begin
by calculating the loss in value that constellations expe-
rience when they rematch with their second-best option
after the removal of the original star PI from the market.
We find differential effects that depend on the status,
dominating or nondominating, of the constellation. A
dominating constellation working with an alternative PI
suffers only 23% loss in joint value creation, whereas a
nondominating constellation is severely impacted los-
ing, on average, 40% in joint value. A similar pattern is
revealed on the other side of the partnership when the

Figure 3. Contribution Intervals of Stars and Constellations in Basic Sciences Collaborations
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Notes. The horizontal bars illustrate the contribution intervals of the star PIs (in very light gray) and their corresponding constellations (in black),
for the 49 collaborations in our sample that occur in basic sciences. The overlapping contribution intervals are in gray. The length of the contribu-
tion intervals is expressed in value creation units. Collaborations are stacked from bottom up in increasing order of their joint value. The Stars’
contributions dominate in eight collaborations, whereas the constellations” contributions dominate in six collaborations. Collaborations in which
stars dominate predominantly appear among those ranked in the lowest half by the magnitude of joint value created.
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constellation is replaced by its closest available substi-
tute in the market. A dominating star PI faces lower
costs, losing on average 20% when forced to switch
constellations, whereas the nondominating PI loses on
average 33.7% in joint value. In sum, we find that domi-
nating players bring significant value to the collabora-
tion but have matched with substitutable counterparties
such that when these counterparties are unavailable the
dominating player can easily tap the market for a
replacement with little loss in value. Those who do not
dominate also bring significant value to the collabora-
tion; however, they are more tightly intertwined with
their partners and the partners are less substitutable:
There are few, if any, alternatives in the market that pro-
vide the similar desired bundle of attributes. These
results suggest that uniqueness is a key determinant of
value creation and value capture. It is important that
such rarity be considered in addition to synergies
between partners and their relative ranking (based on
level of attributes) in the market to gain a nuanced
understanding of relative contribution and overall per-
formance in collaborative activities.'’

To corroborate our findings that dominating players
have more substitutable counterparties, we replicated
our analysis for the 450 collaborations headed by non-
star PIs. Indeed, we observe a similar pattern. Dominant
PIs and dominant constellations are effectively immune
to counterparty changes and do not experience a drop
in value by working with their second-best partner.
However, replacement is very costly for nondominating
players matched with less substitutable partners. We
show that moving to the second-best partner results
in a 26.85% reduction in joint value creation for non-
dominating constellations and 30% drop for non-
dominating PIs.*” These results are summarized in
Figure 4, (a) and (b).

Although earlier we looked at change in value, it is
also informative to consider the absolute level of value

created in these collaborations. As expected, we find
that the average value created when there is a star
involved in the collaboration is, on average, 43% greater
than the value created by nonstar collaborations. This
finding is consistent with the previous literature that
has focused on the important role of stars. However,
previous studies have not explicitly considered that
stronger PIs can attract stronger constellations, the as-
sortative matching effect, and hence may tend to give
too much credit to the star for the joint value created by
the collaboration. Additional insights can be gained by
digging deeper into the differences between stars. In the
105 collaborations involving star PIs, it is the nondomi-
nating stars with their constellations that create the most
value. Among these star-constellation matches, those
involving dominating players are least likely to fall
within the highest tranche in terms of value created. The
highest third, ranked by value created, includes only
one dominating star and four dominating constella-
tions. In fact, collaborations involving dominating con-
stellations reside mostly near the mean in value creation
while the majority of those involving dominating stars
fall to the bottom of the payoff distribution. It is the col-
laborations consisting of nondominating stars and non-
dominating constellations in which both parties are
codependent on each other that tend to rise to the top in
terms of value (Table 4).

5.4. Robustness Checks

The main results provide the contribution intervals
based on the point estimates of the matching production
function. However, point estimates represent a sum-
mary statistic of unknown population parameters. This
aspect introduces uncertainty regarding the magnitude
of contribution intervals. To understand how the domi-
nance patterns depend on the initial matching estimates,
we took multiple draws from the distributions of match-
ing estimates and recalculated the contribution intervals.

Figure 4. Post-hoc Comparative Analysis: Loss in Joint-Value from Pairing with a Second-Best Partner
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Notes. (a) Average percentage loss in joint-value created when parties are paired with the counterfactual second-best partner (collaborations
including a star). (b) Average percentage loss in joint-value created when parties are paired with the counterfactual second-best partner (colla-

borations without a star).
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Table 4. Distribution of Dominant and Non-dominant Players Across Collaboration Payoff Levels

Percentage nondominating agents

Payoffs Dominating stars Dominating constellations within each payoff range
Highest third 6.66% 40.00% 37.5%
Middle third 33.33% 50.00% 31.5%
Lowest third 60.00% 10.00% 31.5%

The findings remain substantively consistent despite
some variation across draws (see Online Appendix 1 for
details).”!

More generally, there are important questions as to
what extent the dominance patterns are sensitive to our
empirical choices. We addressed these concerns both
conceptually and through robustness checks. Although
the current model predicts 99% of inequalities, it is plau-
sible that unobserved, idiosyncratic preferences driving
matching (for example, laboratory equipment or project
cospecialization) could be important in some markets.
In such situations, our approach will underestimate the
magnitude of interdependencies between agents in the
match and hence, the cases of “no dominance.” Given
that with the current model, we find that most colla-
borations are cases where neither party is dominant,
such underestimation does not appear to have substan-
tive implications for the interpretation of results. We
conducted additional robustness checks including (1)
covariate rescaling, (2) probing the relationship between
market thickness and dominance results, and (3) con-
ducting Step 2 of the analysis by removing PIs involved
in multiple collaborations from one project at a time
rather than from the market entirely. Results remain
substantively the same. Finally, through analytical ex-
amples, we showed that there is no determinate rela-
tionship between the richness of the matching model
specification and the dominance results.””

6. Conclusion
Much in the literature has been written about the impor-
tant role of star scientists in knowledge production,
innovation, and commercialization. This study adds
to this literature by investigating the role of star scien-
tists in the context of their research collaborations. By
considering the stars, the constellations, and synergies
between the two, we provide insight into their relative
value contribution. We investigate the role of star scien-
tists in the context of their research teams by explicitly
acknowledging the potential presence of both the Mat-
thew effect and the spillover effect and note the bilateral
nature of these mechanisms in driving matching and
joint value creation. We probe the relative contribution
of each party, star and constellation, on value creation
under endogenous team formation conditions.

To address these issues, we estimated the under-
lying drivers of collaboration formation via a two-sided

matching model. Our emphasis was on complementari-
ties between the PI and the constellation. We see evi-
dence of a Matthew effect in the matching of star-PIs Pls
and their constellations. Star PIs attract stronger constel-
lations in terms of quality, knowledge, and experience.
Similarly, strong constellations attract stronger Pls. The
strongest driver of matching is the similarity in research
profile: an indication of commonality in “taste for scien-
ce” or commonality in an “affinity for application”
between the PI and the constellation. In line with exist-
ing theory, a moderate degree of common knowledge
between PIs and constellations also emerges as an
important driver of matching. In addition, PIs with
higher research quality enjoy stronger complementari-
ties by collaborating with constellations composed of
researchers of varying ranks, an indication of diversity
in knowledge vintage and perspective. We also find that
collaboration performance is enhanced when the con-
stellation has gained experience through a history of
working together. Thus, we confirm the first principle
of the Matthew effect, which is often overlooked in the
literature on scientific teams that “to those that have
much is given.”

The second step in our analysis took sorting into
account and relied on the creation of counterfactual
pairings to estimate the relative contribution of the col-
laboration parties. This allows us to contribute to the
theoretical literature on collaboration in two ways. First,
our approach is unique in that we capture bilateral
influences of the PI-constellation synergy on joint value
creation. Empirical studies that rely on shocks (e.g.,
death or immigration) identify the loss in joint per-
formance when the star performer is missing, but do
not isolate the importance of the constellation to perfor-
mance of the star. As such, star effects may be overstated
as synergy effects are attributed to the star. Our method
allows us to avoid attributing the portion of the superior
performance created by PI-constellation complementar-
ity entirely to the individual star, or vice versa, to the
constellation.

Second, although the literature has accorded much
attention to complementarities that raise the value in
collaborations, there has been little consideration to
how uniqueness, or rarity in the market, drives value
creation and value capture dynamics in joint efforts.
Our results suggest that joint value creation is greater
when star PIs match with nonsubstitutable constella-
tions; that is, constellations that offer bundles of



Mindruta et al.: Stars in Their Constellations: Great Person or Great Team?

18

Management Science, Articles in Advance, pp. 1-22, © 2024 INFORMS

attributes that are rare in the market (in addition to
being synergetic with the attributes of the PI). We find a
similar pattern when we consider the collaboration
from the perspective of the constellation: Greater joint
value is created when the “matched” star PI is less com-
parable to other PIs participating in the market. Overall,
we document that joint value creation is greatest when
neither the constellation nor the PI are dominant
players: situations when both counterparties are rela-
tively unique in the market. However, there is a tradeoff
between value creation and value capture. Dominating
players, although they generate synergies with their exist-
ing counterparties, can return to the market and easily
recreate these synergies in a new match. As such, these
dominating players are better positioned to claim a larger
slice of the value created in their collaborations even if the
relative level of value created (ie., the size of the pie) is
smaller. Elfenbein and Zenger (2017) highlight a similar
tradeoff in value creation and value capture in their study
of buyer-supplier relationships, showing evidence that
buyers may trade off the enhanced value creation pro-
vided by repeated exchange for the opportunity to
improve value capture by opting to engage with new
suppliers.

In addition to these theoretical contributions, we also
add to the field’s methodological toolbox by developing
and using a new technique for estimating the contribu-
tion interval of an agent in a strategic interaction. This
technique resolves a longstanding challenge in the
value-capture theory stream (Chatain and Mindruta
2017, Gans and Ryall 2017, Montez et al. 2018) by pro-
viding a means of empirically estimating the upper and
lower bounds of value parties to a transaction can create
and subsequently capture. The methodology presented
here can be extended to other contexts where the strate-
gic interactions depend on the matching between
players. Importantly, the structural model employed
here deals with the endogeneity of team formation and
team performance and eliminates the need for heroic
attempts to identify relevant natural experiments or via-
ble instrumental variables for dealing with the problem
of mutual selection leading to the sorting of transacting
parties.

The deployment of skilled human capital is an
important management concern for universities in our
context, but also for firm inventive activity. Thus, our
study has multiple practical implications. First, the
study provides insights into how collaboration struc-
ture influences joint value creation. We show that com-
binations of nondominating players, which are
characterized by codependence, typically generate
more value than collaborations that involve a domi-
nating player. For star performers, then, there are ben-
efits to acknowledging the costs of dominance and to
be willing to sacrifice value capture to enhance value
creation. The specific investment made by sets of

nondominating constellations/nondominating PIs in
a collaboration should not be evaluated solely with
respect to hold up concerns but in terms of value crea-
tion that provides potentially greater (not less) value
capture for the collaboration. Second, these findings
remind us that too much laudatory focus on stars may
be detrimental given that value is generated through
complementarities between the collaborating entities.
For the majority of collaborations, we find that constel-
lations and Pls are equal contributors of value (i.e., the
value creation intervals overlap). As such, it is impor-
tant to acknowledge and address the common credit
allocation biases stemming from the status-based Mat-
thew effect: that stars are disproportionally credited
for joint value creation achieved in collaborations
(Merton 1968, Bikard et al. 2015). Constellations are
deserving of more recognition than they typically
receive. A need to re-evaluate credit assignment to
avoid attributional biases is thus one relevant take-
away of our study. Correcting these biases may lead to
better incentive structures, healthier collaborations,
and more efficient outcomes. In a minority of cases,
however, we do document the occurrence of dominat-
ing constellations, a situation analogous to that of
dominating stars, where the contribution of the con-
stellation exceeds the contribution of the star PI in the
joint value created by the collaboration. This finding is
a reminder that stars themselves can be substitutable.
Even an entity that is a leader in their field may find
that they have a small set of peers of equal quality and
capabilities. As highlighted in the entrepreneurial lit-
erature, there is the potential of reference group
neglect (Camerer and Lovallo 1999), where stars may
overestimate the uniqueness of their skills, failing to
realize that other stars may have similar capabilities to
offer. To stars then, the message should be “Check
your ego at the door.” Finally, our findings speak to
additional factors universities and firms may want to
consider in recruiting and socializing faculty and/or
management. Consistent with the work of Groysberg
and colleagues (2008) and Agrawal et al. (2017), our
results suggest universities or firms should look to hire
personnel with strong collaboration histories and adopt
policies that allow for the hiring of entire teams. For uni-
versities specifically, continued support for cross-
institution collaboration should be encouraged.

Despite these contributions, there are limitations that
merit additional attention and invite future work. First,
our data are based on one university. As such, further
studies are needed to ensure the generalizability of our
findings. In particular, it would be valuable to go
beyond scientific research collaborations and investi-
gate team formation and value contribution for other
types of self-selecting constellations, such as manage-
ment, project, or work constellations inside commercial
organizations. Second, although the methodology used
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is advantageous as it squarely focuses on complementa-
rities in collaborative teams and how these complementari-
ties create value, we are cognizant that complementarities
may arise across numerous dimensions. We built on the
established literature on scientific team performance
and captured three key dimensions, knowledge, experi-
ence, and quality, that are highlighted in this literature.
We found that complementarities in these dimensions
have very high predictive power, but this may not
always be the case. For example, considerations of affin-
ity and demographic characteristics and associated com-
plementarities may have a greater importance in other
settings, such as artistic or leadership collaborations,
and should be explored in future research. Furthermore,
we assume an overarching common objective of knowl-
edge creation for the collaborations in our study. As
such, we also maintain that different attributes that
drive the matching process will be consistently valued
according to this overarching common objective. Al-
though reasonable, this assertion of consistency merits
further investigation as relative importance of factors
may shift in contexts where there are many, possibly
diverging, objectives or where there are multiple viable
paths to achieving a common objective. For example,
conducting our analysis using academic or theoretical
breakthroughs, rather than invention disclosures to
identify collaborations would be constructive. Third,
our current analysis considers constellations as fixed
bundles of attributes. Although the study looks at colla-
borations across multiple years, it does not track trajecto-
ries or roles of individuals as they move into and out of
different teams. Studies that relax the assumption of
indivisible, fixed constellations to explore the career
paths of academic scientists could provide insight into
how the ability of individual scientists to create and cap-
ture value changes over time. Notably, it would be inter-
esting to investigate the laboratory context in more
depth to illuminate how value creation is driven across
levels within a laboratory group to better understand
under what condition is value driven by PI, professional
staff, postdocs, or graduate students. Furthermore, stud-
ies that focused more on the dynamics to investigate
team contribution to the creation of stars and to under-
stand patterns in PIs’ choices between solo and collabo-
rative work would be of interest.

In sum, our study highlights the importance of look-
ing at highly qualified human capital in the context of
their collaborations. Although star status contributes to
the creation of value, that alone does not provide a com-
plete picture. The value stars bring to the table rarely
dominates the value contributed by the constellation. In
fact, for a star, dominance can be detrimental as it occurs
by matching with an easily replaceable team, lowering
the joint value created (the star stands to capture a larger
share of a lower value). Value creation is enhanced
when stars and constellations mutually invest to create

interdependencies, although this limits each party’s col-
laboration alternatives and reduces each party’s value
capture.

Like looking at the North Star, our academic gaze has
been drawn to the study of star scientists; however, we
are enriched if we broaden our view beyond the bril-
liance of that single star so we can observe the rest of the
constellation and absorb the full beauty of the Little
Dipper.
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Endnotes

" We recognize that constellations are made up of several “stars.”
However, not all “stars” in a constellation burn equally bright. It is
only when they are seen together as a unit that a new image is formed.
Consider the North Star that burns brightly on its own, but together
with other less bright stars, forms Ursa Minor: the Little Dipper.

2 The article is based on a paper presentation given by Merton to
the American Sociological Association in 1967.

3 Inspired by the Gospel According to Saint Matthew that reads,
“For unto every one that shall be given, and he shall have in abun-
dance; but from him that hath not shall be taken away even that
which he hath.” Merton (1968, p. 58) offers a simplified translation:
“Put in less stately language, the Matthew effect consists in the accru-
ing of greater increments of recognition for particular scientific contri-
butions to scientists of considerable repute and the withholding of such
recognition from scientists who have not yet made their mark.”

# Azoulay et al. (2010) found that most affected by the loss of a star
were co-authors close in the intellectual space, whereas other
co-authors were less affected and even experienced an increase in
scientific output following the death of a superstar. In these latter
collaborations, a substitution effect may occur, wherein the star’s
skills are replaced through new collaboration relationships. These
findings suggest the need to examine the substitution effects more
closely, which we do here.

51In recent work re-evaluating the “CEO effects” with the AKM
approach, Jarosiewicz and Ross (2023) find that estimating CEO
contribution via fixed effects could also generate spurious coeffi-
cients because of some other intrinsic aspects of the method such as
its reliance on a large number of fixed effects dummy variables.

© We are grateful to the associate editor for the suggestion to high-
light this methodological precedent to our study.

" Modeling team formation as a coalition or a multisided matching
game entails taking into consideration each participant’s prefer-
ences for joining various configurations that could be formed by
team members and endogenizing the team size together with the
complementarities among team members. Notwithstanding the
methodological challenges, such an approach would also depart
from our research focus on the constellation viewed as a bundle of
attributes that are synergetic with the bundle of PI attributes.

8 To achieve this top-tier R1 designation, a university must offer at
least 20 doctoral degree granting programs and have at $5 million
in total research expenditures annually. For confidentiality reasons,
we cannot reveal the name of this university.

9 There were also 230 solo disclosures during this period. More than
80% of the faculty that disclosed solo are also in our data set either as PI
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(the majority) or constellation members. The subpopulations of faculty
who disclosed solo and faculty who disclosed inventions in teams do
not differ significantly in terms of citations. However, the probability of
a solo invention being licensed less than half the probability of a team
invention being licensed, which is in line with recent findings that col-
laborative efforts, on average, produce higher impact outcomes than
solo efforts. We did not use information on solo disclosures for two rea-
sons: (a) individuals capture all the value they are creating in solo dis-
closures, and (b) the matching methodology requires observation of
collaborative efforts.

"9 Of the 555 collaborations in the data, 52% span departments, 14%
include at least an external team member (either another university
or industry), and close to 15% of the collaborations include two or
more full professors.

" We use PI to denote the attributes of the principal investigator, C to
denote the attributes that characterize constellations, and PI-C the dyadic
attributes that characterize combinations of PI-constellations pairs.

12 The low number of women in our data did not allow us to include
gender as a control. This lack of women is in line with recent work that
shows that women become PIs at a lower rate (Lerchenmuller and Sor-
enson 2018).

3 As an example, consider two rock bands each having a lead
singer and a “constellation” of musicians. The first (well-known)
band is The Rolling Stones with Mick Jagger as the lead singer. The
second band (less well-known but equally enthusiastic) is the High
School Garage Band with your neighbor’s 16 year-old son, Junior,
as lead singer and a number of his classmates on the instruments.
Imagine that Mick initially joined the High School Garage Band
(GB), giving your neighbor’s son the opportunity to front the Roll-
ing Stones. Our estimation approach relies on the following
inequality holding: v (Mick, Rolling Stones|f) + v (Jr., GB|B) > v
(Mick, GB|p) + v (Jr., Rolling Stones | §).

¥ Some PIs participate in multiple collaborations in a year (i.e., up
to four per year, but instances of three or more are very rare). This
aspect is fully accommodated by the estimation. Consider a market
with two PIs denoted {A, B} and three constellations denoted {C1,
C2, C3} Assume the following matches: {A; C1} and {B; C2, C3}.
Inequality (1) involves exchanging C1 with C2 in one inequality
(whereas C3 remains paired with “B”) and swapping C1 and C3 in
another inequality (Whereas C2 remains paired with “B”). Further-
more, we conducted a thorough examination to ensure that the
multiple collaborations led by the same PI comprised distinct and
independent projects. This allowed us to focus on Pls-constellation
pairings, and we did not include modeling for potential comple-
mentarities at the PI-portfolio level (e.g. in the above example, syn-
ergies between C2 and C3).

5 To confirm the validity of market definition, we calculated
knowledge similarity for pairings of PIs and constellations within
markets and pairings that span markets. The average knowledge
similarity is 0.48 for observed PI-constellations, it is 0.12 for counter-
factuals that are created within markets, and 0.07 for counterfactual
pairings that span markets. This difference in magnitude indicates
that broadening markets further would be detrimental as it would
introduce numerous nonplausible pairings (where knowledge simi-
larity is effectively zero) into the analysis.

'8 This is a standard method for generating stable matchings start-
ing from a given set of preferences and distribution of agents’ attri-
butes. Using random pairing as a benchmark would not take into
account the constraints of partnership formation in a matching con-
text, such an agent not being able to collaborate with the most desir-
able partner when the partner has better partnering alternatives
and/or capacity constraints.

7 The existing work has used proxies of a player’s added value
instead of estimating it directly (Chatain 2011, Obloj and Capron

2011), with the exception of Chatain and Mindruta (2017), who also
used theoretically derived counterfactuals to measure added value.
Montez et al. (2018) propose a theoretically different way to deriv-
ing the value-capture bounds. See also Ross (2018) for a discussion.

'8 The ability to analyze the role of substitution is an advantage of
our method over the AKM fixed effects approach.

19 Interval estimates provide further insights into the factors influenc-
ing potential value appropriation. As Gans and Ryall (2017) explain,
the maximum value an agent can capture is determined by the compe-
tition the agent faces in attracting better partners, while the minimum
value is determined by the competition for partnering with the agent.
Within this interval, the net payoff reflects one’s persuasive ability.

20 As these results indicate, star dominance is not an artifact of the
star definition. Six of our dominating stars are in the top 1% in the
citation distribution, and we find dominating PIs even among those
who fall below 5% in terms of citations. Defining stars with a more
stringent threshold would only reduce the number of net dominant
stars found, without substantially altering our results.

21 We are grateful to the department editor for suggesting this sen-
sitivity analysis.

22 These examples and additional analyses are available upon request.
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