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17.1 Introduction

The study of team assembly is a crucial area of
research for the team science community. Not
only are teams an essential component of the sci-
entific enterprise (Falk-Krzesinski et al. 2010;
Katz and Martin 1997), but there are now more
observational data available to help understand
the team assembly process (Pentland 2012). As a
result, there is currently a convergence of social
science theory, readily available digital data
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traces, and web-based technologies that leverage
theories and insights from multiple domains to
better understand and enable team assembly
(Contractor 2013). The convergence could not
have come at a better time. With the uncertainty
surrounding scientific research funding, provid-
ing researchers with insights into the assembly of
effective teams will aid them in maximizing their
chances for scientific success and innovation.
Much scientific achievement relies on well-
functioning and effective teams (Kozlowski and
Bell 2019; Kozlowski and Ilgen 2006; Mathieu
et al. 2008; National Research Council 2015;
Shneiderman 2016). Science teams are required
to effectively combine knowledge to produce
novel, high-impact products (Uzzi et al. 2013).
Facilitating such high-impact scientific research
requires the allocation and coordination of many
resources, including people, samples, equipment,
and computational facilities (Shrum et al. 2007).
Leveraging these scarce and needed resources
makes collaboration a necessity, distributed
teams more common, and interdisciplinary
research essential in the current science environ-
ment (Cummings and Kiesler 2014). The preva-
lence of multi-university science teams who
publish high-impact research is indicative of the
need to assemble qualified teams despite such
constraints (Jones et al. 2008). Additionally,
international collaborations have become key for
scientific growth (Coccia and Wang 2016).
Unfortunately, science teams collaborating in
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these situations may report less productive out-
comes and face higher coordination costs
(Cummings and Kiesler 2007).

In addition to the move towards multi-
university, geographically distributed teams, sci-
ence is increasingly turning to interdisciplinary
teams. Interdisciplinary research is valuable
because taking a problem-based perspective for
conducting research focuses on addressing a prob-
lem while not being confined within the traditions
of a single discipline (Jacobs and Frickel 2009).
However, most organizations still maintain disci-
plinary foci and rely on individuals and teams to
span the necessary boundaries to conduct scien-
tific research involving multiple disciplines
(Ancona and Caldwell 1992a; Dahlander and
McFarland 2013). The organizational structure
influences the performance of interdisciplinary
teams because locating people with needed knowl-
edge is often the responsibility of people who
already have cross-disciplinary and interdepart-
mental connections (Burt 2004, 2009; Hansen
1999; Reagans and McEvily 2003; Singh et al.
2010). The creation of interdisciplinary research
centers is a solution that has been enacted to allevi-
ate some knowledge transfer issues that occur
within research organizations (Dahlander and
McFarland 2013; Jacobs and Frickel 2009). The
presence of such centers is an example of the com-
mitment made to assembling productive interdis-
ciplinary research teams, but coordination
challenges still arise due to distance when differ-
ent center-affiliated departments are not in close
physical proximity (Birnholtz et al. 2012; Nomura
et al. 2008).

Clearly, assembling interdisciplinary teams
is critical for, but not a guarantee of, success.
The demand to assemble interdisciplinary teams
is stimulated by the increase in interdisciplinary
initiatives by funding agencies. Analyses of
National Science Foundation (NSF) project pro-
posals for two interdisciplinary initiatives show
that researchers who win highly competitive
research awards and grants have successful
prior collaboration records with team members
but cite different bodies of knowledge increas-
ing the odds for offering new insights based on
novel combination of ideas (Lungeanu et al.

2014). Collaboration is not the only requirement
for success, but assembling a team of people
who have demonstrated the ability to work well
together and provide different perspectives is
essential for winning a research grant. However,
even the grant-winning research teams face
challenges. One such challenge is the productiv-
ity penalty encountered by interdisciplinary
researchers. The complexity in navigating
across multiple scientific communities results in
some researchers having lower productivity
(Leahey et al. 2016).

Because specific combinations of people
affect performance, developing an understanding
of the factors that impact team assembly is cru-
cial. Collaboration in teams has long been an
important component of many work tasks in sci-
entific research (Hagstrom 1964; Leahey 2016).
Effectively managing relationships within a team
plays a key role in team performance, and simply
put, assembling the wrong people into a team can
derail a project from its beginning (Gewin 2015).
To avoid such derailment, developing and openly
communicating expectations before beginning a
collaborative project is a useful strategy to help
increase the chances of having a productive col-
laboration (Gadlin and Jessar 2002). Considering
factors other than expertise when assembling a
team is a necessity given the recent empirical evi-
dence showing trends of increasing collaboration
(Leahey 2016; Wuchty et al. 2007). As an exam-
ple, the team size in scientific fields has been
increasing over time (Guimera et al. 2005; Lee
et al. 2015; Milojevi¢ 2014; Valderas 2007).
Additionally, incorporating new team members
when assembling teams promotes new ideas and
perspectives since performance suffers with
repeated collaborations (Guimera et al. 2005;
Reagans et al. 2004; Rink et al. 2013; Skilton and
Dooley 2010). We conceptualize team assembly
to be broader than the related concept of team
composition because we consider not only the
individual and team characteristics but also the
impact of broader social networks and the orga-
nizing processes within which these teams
assemble (Humphrey and Aime 2014).
Specifically, we delineate the factors influencing
team assembly into perspectives operating at
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Table 17.1 Key concepts and definitions

Key concept

Concise definition

Team assembly

Factors leading to the formation of teams

Staff-assembled team

A team whose members are staffed by a person either in the team or someone
outside the team. The team members have low agency in the selection of the
members. In some cases, a manager will staff a team.

Self-assembled team

A team whose members self-select into the team. The team members have high
agency in the selection of the members. Research, creative, and consultant teams are
more often self-assembled than teams in other industries.

Compositional perspective

Explaining team assembly based on the individual attributes of the members in the
nucleating team.

Relational perspective

Explaining team assembly based on prior and current social relationships that exist
both among members of the nucleating team as well as with others outside the team.

Ecosystem perspective

Explaining team assembly based on the interlocking structure of teams within which

the nucleating team is embedded.

Apprentice-based
collaboration
researchers

Collaborations that include a senior researcher working with others of lower
experience levels, including, —but not limited to —students, technicians, and other

Peer collaboration

collaborations.

Collaborations among researchers at the same career level. For example, student-student

three levels: a compositional perspective, rela-
tional perspective, and an ecosystem perspective.
Our goal for this chapter is to provide a review of
the team assembly literature when teams are
either staffed or self-assembled. Additionally, we
highlight the potential role that technology plays
in assembling and studying the team assembly
process. The key concepts associated with this
chapter are listed and defined in Table 17.1.

17.2 Chapter Roadmap

We begin the chapter by distinguishing between
two types of team assembly: staffed and self-
assembled. A staffed team is one that is appointed
by a person either outside the team or by a person
within the team who mandates participation by
others. Self-assembled teams are those where
individuals have more agency in self-organizing
into teams. It is possible for teams to be a hybrid
of both assembly types. As an example, a large
research team may form based on the self-
assembly into a team by a group of senior
researchers. However, they might then staff teams
that work on various components of the project.
Detailing both feam staffing and team self-
assembly provides coverage for how such a hybrid
research collaboration is assembled.

Recognizing these differences in the ways in
which teams assemble, we next turn to the differ-
ent perspectives relevant for assembling teams.
Clearly, it is important to consider the qualifica-
tions, expertise, and abilities of each team mem-
ber to help ensure the success of projects (Bell
2007; Cooke et al. 2015; Nurius and Kemp 2019;
Woolley et al. 2008). The characteristics of team
members are then aggregated to give an indica-
tion of the entire team’s ability to perform (Klein
and Kozlowski 2000; Kozlowski and Klein
2000). Using information about individuals’
characteristics or attributes as criteria for team
assembly reflects what we define as the composi-
tional perspective.

However, it is also evident that simply having a
collection of individuals with the requisite exper-
tise is a necessary, but not sufficient, condition
for success. Research has increasingly considered
the relationships, interactions, and the match
(similarity or complementarity) of individuals’
attributes as important factors influencing team
performances. We define the consideration of
these criteria for team assembly as the relational
perspective. There is a growing body of research
using the relational perspective. For example,
teams whose members have had prior collabora-
tions are more creative and productive across
multiple domains (Guimera et al. 2005; Perretti
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and Negro 2007; Skilton and Dooley 2010; Uzzi
and Spiro 2005), teams composed of friends
have more positive work experiences (Jehn and
Shah 1997; Ren et al. 2014; Shah and Jehn 1993),
and accessing and utilizing diverse knowledge in
ateam relies on interpersonal networks (Reagans
and McEvily 2003; Reagans et al. 2016; Reagans
et al. 2004; Reagans and Zuckerman 2001).
Quite simply, people’s prior relationships influ-
ence their assembly into a team and its subse-
quent performance.

In addition to the compositional and relational
perspectives, team assembly is also influenced by
the larger networks of prior and current teams
where individuals have membership. Working on
multiple scientific teams simultaneously is a real-
ity facing most science professionals (Gonzalez
and Mark 2004; Hudson et al. 2002; Scupelli et al.
2005). Individuals on these multiple teams each
have members who are in turn on multiple other
teams. Some of the membership across these
teams overlaps, creating team interlocks. A team
interlock exists between two teams that share one
or more members (Lungeanu et al. 2018). The
collection of teams who are connected by team
interlocks to other teams that are in turn con-
nected to even more teams results in an ecosystem
of teams. Recent research shows that forces within
the ecosystem explain the assembly and perfor-
mance of teams above and beyond what is
explained from a compositional or relational per-
spective. We refer to this approach as the ecosys-
tem perspective. Competing commitments and
obligations of the ecosystem often influence a
person’s ability to collaborate in teams based on
the environment (Mortensen 2014). As a result,
many professionals have multiteam memberships
and competing task dynamics that affect the
amount of engagement that one gives to any team
at a single point in time (O’Leary et al. 2011;
Wageman et al. 2012). On the positive side, infor-
mation spreading through team interlocks also
has the potential to bring new ideas and resources
to a team. Therefore, the larger ecosystem in
which a team is embedded influences the nature
of collaboration and the dynamics of team assem-
bly. To summarize, team assembly must be
understood as being influenced by factors operat-

ing at three levels—compositional, relational,
and ecosystem perspectives.

Following an elucidation of factors influencing
team assembly from these three perspectives, we
will consider the potential role of technology in
enabling and understanding team assembly. While
a much deeper treatment of research networking
systems is offered in the following chapter (Weber
and Yuan 2019), we focus here on how technol-
ogy can leverage insights from research on team
assembly to facilitate the formation of more effec-
tive teams. Many of today’s social interactions are
mediated through technology, and many teams
use online platforms such as communities and
forums, social media, shared document editing
software, and messaging applications to collabo-
rate and coordinate around their work tasks. Many
of these online platforms, such as nanoHUB,
GitHub, and other open-source software develop-
ment networks, require individuals to self-assem-
ble into teams (Dabbish et al. 2012; Hahn et al.
2008; Hertel et al. 2003; Margolin et al. 2012).
However, there is a pressing need for these plat-
forms to improve their ability to provide members
with evidence-based tools to assemble into effec-
tive teams. In other words, there is a need for
developing the equivalent of matchmaking tools
like match.com, eHarmony, and Tinder to help
assemble teams. Lastly and relatedly, the emer-
gence and use of these matchmaking tools to
enable team assembly also have the collateral
benefit of providing researchers with data to fur-
ther advance our understanding of team assembly
and collaboration at scale.

17.3 Types of Team Assembly

Key Takeaway: An outside authority is respon-
sible for the performance of a staffed team, while
self-assembled teams are responsible for their
Own success.

In scientific research, as in other domains,
there are at least two ways in which teams
assemble: staff-assembled and self-assembled.
People are either assigned to a specific team or
self-assemble. In this chapter, staffing a team is
analogous to assigning members to a team, and
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the terms are used interchangeably. There are
different considerations to be made by those who
need to staff a team in which they may also be a
member as compared to those who self-assemble
into a team.

17.3.1 Staffed Teams

The staffer of a team may be a principal investi-
gator of a research laboratory, a manager within
an organization, or an administrator of scientific
research. Additionally, the staffer typically will
have responsibility for the team’s performance
and must attempt to predict a team’s potential for
achieving the desired goals (Reagans et al.
2004). A staffer, who may or may not be a mem-
ber of the team, will also seek to ensure that the
members of staffed teams meet requirements for
skills and diversity, but the team members ulti-
mately have to be willing to utilize the same fac-
tors that the staffer and management deem to be
necessary requirements for work (Aalbers et al.
2013; Shin et al. 2012). In staff-assembled
teams, member understandably feel low agency
as compared to self-assembled teams (Contractor
2013; Hackman 1987). Hence, when staffing
teams, there is a risk that members will have
lower commitment since they did not have much
agency to choose the teammates with which
they must work (Colquitt et al. 2007; Deci and
Ryan 2002). Therefore, a team staffer needs to
be cognizant of the planned tasks, requirements
for the team members, and expectations for the
team processes needed to achieve successful
performance outcomes (Stevens and Campion
1999; Thompson 2018).

Staffing a team is a core component of the
apprentice-based collaboration model in science
where a scientist with some form of authority is
making decisions about the students and techni-
cians whose work will be needed to accomplish
the scientific goals of the team (Hagstrom 1964).
When staffing a team in such a scenario, it is nec-
essary for the staffer to provide well-defined plans
and articulate performance expectations because
teams vary in their abilities to guide themselves
(Hackman et al. 1976). In addition to having a

developed task, plans, and expectations, a team
staffer will also need to consider the characteris-
tics of the team itself with regard to the abilities of
the members, the overall diversity of the team, and
imposed constraints from higher levels of manage-
ment or the organization (Thompson 2018). A
team staffer needs to rely upon compositional
attributes like the personality, mental ability, and
teamwork skills of potential team members when
making selections for a team (Stevens and
Campion 1999; Zaccaro and Dirosa 2012).
Staffing a team places much of the responsibility
for the team’s performance on a person who the
person staffing in the collaboration.

17.3.2 Self-Assembled Teams

Self-assembly generally suggests a bottom-up
process where actors self-organize themselves
(Pelesko 2007). Some scientific teams are com-
monly self-assembled and exist in a dynamic
environment where people freely work with
multiple collaborators (Wang and Hicks 2015).
A computational model for team assembly only
using team size, the fraction of newcomers, and
the tendency to repeat collaborations reproduced
the empirical trends of co-authorship in multiple
scientific fields (Guimera et al. 2005). While the
self-assembly of these high-impact science teams
was explained by simple organizing principles,
the teams achieved great impact.

Historically, science has been associated with
independence and intellectual freedom for the
scientists participating in the enterprise (Fox
and Faver 1984). Despite the autonomy of choice,
collaboration is necessary for most scientists and
self-assembling teams is a manifestation of the
agency of people to collaborate with who they
choose. People who have such independence are
also able to engage in “dating” collaborations
where they can learn about new teammates, even
strangers, through small projects before agreeing
to longer duration, high-commitment projects
(Lykourentzou et al. 2017; Lykourentzou et al.
2016). Teams with the autonomy to identify and
then select people for the given task requirements
have a better understanding of the needed skills
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and work for a team to be successful, and can
adjust to the task requirements through their
selection of members (Harrison and Humphrey
2010). The ability to self-assemble is indicative
of the peer collaboration model in science where
people exercise agency in deciding with whom to
collaborate, in contrast with the apprentice-based
collaboration model where staffed teams are
more prevalent (Hagstrom 1964).

Team members who self-assemble are respon-
sible for making choices based on personal moti-
vations and consider the complementary skills
and skill levels of potential team members (Zhu
et al. 2013) as well as social norms in a research
environment (Kraut et al. 1987). When self-
assembled teams are composed of friends and
acquaintances, the teams tend to perform better
than staff-assembled teams (Jehn and Shah
1997). Self-assembled teams that are successful
also tend to collaborate with one another again
for knowledge-intensive projects (Hahn et al.
2008). As suggested earlier, the preference of
people to self-assemble into teams is related to
their self-determination and agency, which posi-
tively influences intrinsic motivation (Bandura
1989; Deci and Ryan 2002). Following this logic,
people will be more motivated to work on a team
if they have agency in assembling it. People who
collaborate in autonomous work groups have
more positive attitudes and are more socially
motivated by their teammates (Cordery et al.
1991; Grant and Berry 2011). Self-assembling
teams have responsibility for their own abilities,
and they design their own collaborations.

17.4 Perspectives on Team
Assembly

Key Takeaway: Team assembly combines com-
positional, relational, and ecosystem perspec-
tives, resulting in a multilevel, holistic
understanding of the process.

Regardless of whether a team is staffed or
self-assembled, there are expectations that a
given team will be able to perform and achieve a
stated goal. For this reason, using all available
information when assembling a team will aid the

team in performing well. Designing, or at least
understanding, the work context and the tasks
being planned for the team is a key consideration
in team assembly and requires multiple types of
characteristics (Morgeson and Humphrey 2008).
There are factors at multiple levels that influence
a team, and the science of team science benefits
from considering the individual level to the sys-
tem level (Borner et al. 2010). Using information
about the composition of the team (composi-
tional), the collaboration network (relational),
and structural features in which the teams are
embedded (ecosystem) helps explain productiv-
ity and key team processes (Bercovitz and
Feldman 2011; Reagans et al. 2004; Stvilia et al.
2011). For many science teams, their work occurs
in concert with other teams through the sharing
of facilities and resources (Dahlander and
McFarland 2013; Jacobs and Frickel 2009;
Shrum et al. 2007). Accounting for such interde-
pendencies and contextual factors when assem-
bling teams helps create productive teams for the
modern scientific environment.

A helpful example to illustrate the usefulness
of using factors at multiple levels is the assembly
of teams in the field of cancer research. The
demands for diverse skills and perspectives
required for cancer research create many oppor-
tunities for collaboration and interaction among
multiple disciplines (Savage 2018). This results
in a large-scale effort of multiple teams to develop
solutions to provide better treatment and preven-
tion of cancer (Saporito 2013). There are numer-
ous teams who are composed of highly trained
individuals who specialize in some area of
inquiry; have interdependencies within the team
based on sharing information, results, and
research data; and coordinate their research
efforts with other science teams researching
novel solutions for curing cancer. The fact that
science teams are researching in concert with
other teams is a manifestation of the notion of
“teaming”—the notion that modern, high-impact
teams are more dynamic with respect to their
membership and individuals are connected to
multiple teams based on needs at a given moment
(Edmondson 2012a, 2012b). Using the cancer
research example to illustrate this point, it is not
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uncommon for multiple teams to share the same
imaging specialist because there may be a finite
number of research centers with the resources to
perform a specific type of imaging. In such a
case, the imaging specialist is a valued team
member for multiple teams and focuses her work
based on multiple needs of different teams.

There are countless other examples of how
reflecting upon a team’s composition, relation-
ships, and embeddedness within a larger ecosys-
tem will influence the productivity of a science
team. Therefore, a practitioner who is cognizant
about factors at each level will be able to apply
the different perspectives as needed when assem-
bling a team. The members, team context, and
organizational context have long been used as
inputs to explain effective teams (Mathieu et al.
2008). Including these types of inputs when
reflecting upon team assembly further demon-
strates the complexity of teams and how to con-
sider the interactions between members (Arrow
et al. 2000; Katz et al. 2004). Recognizing these
three perspectives will enable a practitioner to be
more knowledgeable about assembling high per-
formance teams.

17.4.1 Compositional Perspective
of Team Assembly

Teams are important for scientific research, but
how are effective, well-performing teams assem-
bled? There is some risk associated with balanc-
ing innovative research approaches with
traditional and familiar ones (Foster et al. 2015),
and assembling the right team helps mitigate
some of this risk. When assembling teams, there
are numerous factors to consider, including per-
sonality and competence in the team (Cable and
Edwards 2004; Humphrey et al. 2007; Moynihan
and Peterson 2001; Nurius and Kemp 2019;
Rulke and Rau 2000), demography (Duguid
2011; Duguid et al. 2012; Gibbs et al. 2019;
Joshi and Roh 2009; Williams and O’Reilly
1998), and the requirements of the project
(Thompson 2018).

When assembling teams, the members’ indi-
vidual attributes are important in determining the

type of team being assembled and the potential
for performance. There are numerous individual
attributes that contribute to the assembly of effec-
tive teams. Individual cognitive ability is impor-
tant for the completion of individual work tasks
and for consideration when assembling teams.
However, in addition to the cognitive ability of
team members, there are multiple factors that
determine the team-level cognitive ability or
intelligence (Devine and Philips 2001; Woolley
et al. 2010). For example, the ability to integrate
and coordinate expertise within a team (Faraj and
Sproull 2000), and the inclusion of teamwork
skills, personality, and diversity should all be
used when assembling teams because these fac-
tors affect team performance (Arrow et al. 2000;
Mathieu et al. 2008).

Assembling a team also requires diligence in
identifying explicit criteria for composition when
selecting the most appropriate members for a
given team (Stevens and Campion 1999).
Including multiple types of individuals is helpful
when predicting the performance of an assem-
bled team. As an example, combining personality
traits, such as extraversion and emotional stabil-
ity, along with the ability of team members,
explains positive supervisor ratings for team per-
formance and team viability (Barrick et al. 1998).
Decision-making teams with a hierarchy are
more accurate in their decisions when the leader
and other members have high cognitive ability
and conscientiousness (LePine et al. 1997). In
addition to cognitive ability, personality, and
technical competencies, other knowledge, skills,
and abilities (KSA) are needed for productive
collaboration in teams. KSA for teamwork are a
set of attributes that help account for necessary
interactions within a team collaboration environ-
ment (Kozlowski and Ilgen 2006; Stevens and
Campion 1994). KSA differ from technical com-
petencies because a successful team needs people
who are not only capable of accomplishing their
tasks, but also performing interpersonal and man-
agement functions that help the team collectively
accomplish their goals (Klimoski and Jones
1995; Stevens and Campion 1994). Overall,
social skills, experience in teams, and personality
are important for assembling teams because
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belonging to a team is a social activity where
team members will need to engage beyond the
work tasks and the abilities of team members
(Lepine and Dyne 2001; LePine et al. 2000;
Morgeson et al. 2005).

In addition to surface level composition fac-
tors (such as age and gender), combinations of
deep-level composition factors explain team
performance in a variety of settings (Bell 2007).
A meta-analysis of 89 studies showed that the
relationship between compositional variables and
team performance differed in field and laboratory
research settings. Most field settings focused on
the performance of physical teams, and the fol-
lowing personality traits emerged as consistent
predictors of team performance: team minimum
agreeableness and team mean conscientiousness,
openness to experience, collectivism, and prefer-
ence for teamwork. Meanwhile, laboratory set-
tings mostly focused on the performance of
intellectual teams, and only negligible effects were
observed for the relationships between personality
traits and team performance. The important factors
related to team performance in laboratory settings
were team minimum general mental ability, maxi-
mum general mental ability, and team mean emo-
tional intelligence (Bell 2007). The meta-analysis
highlights the value of using personality traits
and combinations of traits when studying teams
in specific types of settings.

In addition, compositional perspectives have
also considered the heterogeneity that exists
among team members. For science teams, the
presence of multiple disciplines within the team
is often required or desirable (Jacobs and Frickel
2009; Leahey 2016; Leahey et al. 2016;
Lungeanu et al. 2014). The purpose of interdisci-
plinary teams is to incorporate different perspec-
tives towards a single problem’s solution.
Appreciating heterogeneity helps to ensure a
proper understanding of the team’s composition,
the roles that members possess within a team, and
the expectations for performance of a team
(Humphrey et al. 2009; Klein et al. 1994; Stewart
2006; Welbourne et al. 1998). When determining
the fit of heterogeneous team members, the fit of
members along personality and skills brings
deeper understanding to a team’s composition

(Cable and Edwards 2004; Hollenbeck et al.
2002; Humphrey et al. 2007).

There are two views of fit that determine
whether a team should include a given member:
supplementary fit and complementary fit (Kristof
1996; Kristof-Brown et al. 2005; Muchinsky and
Monahan 1987). According to Muchinsky and
Monahan (1987), supplementary fit suggests that
a “person fits into some environmental context
because he or she supplements, embellishes, or
possesses characteristics which are similar to
other individuals in this environment” (p. 269).
For a science team, an example of supplemen-
tary fit would be assembling a team of research-
ers who all have demonstrated the ability to
independently perform high-impact research in
their area of expertise. On the other hand, com-
plementary fit states “the characteristics of an
individual serve to ‘make whole’ or complement
the characteristics of an environment. The envi-
ronment is seen as either being deficient in or
requiring a certain type of person in order to be
effective” (Muchinsky and Monahan 1987,
p- 271). An example of complementary fit in a
science team is the inclusion of a team member
who has unique technical skills that others do not
possess. The presence of the complementary
skills in the team expands the types of research
that the team can pursue.

Aside from the fit of team members within a
team, using diversity along different dimensions
when assembling a science team has implications
for a team’s future performance. Although there
is a long tradition of using demography as part of
selection criteria in organizations, managers still
face challenges when assembling demographically
diverse teams (Page 2008; Reagans et al. 2004;
Williams and O’Reilly 1998). One such chal-
lenge is that demography has ambiguous perfor-
mance implications since there is a trade-off to
consider for a team, a demographically diverse
team may not have strong familiarity among
team members, but will have access to a broader
set of perspectives (Reagans et al. 2004).
Sometimes, diversity must be considered after a
task has been identified, and a team needs to con-
sciously assemble with qualified members who
help achieve some level of diversity. The diver-



17  Team Assembly

225

sity within a team gives an opportunity to gain
exposure to multiple unique perspectives, which
results in ideas that may be reflective of different
genders, races, or age groups (Harrison and
Humphrey 2010). However, diversity within a
team has likewise been shown to lead to conflict
and diminish team functions, processes, and per-
formance (Harrison and Klein 2007; Williams
and O’Reilly 1998). Additionally, the context and
industry in which work is being performed is a
major determining factor in whether a diverse
team will have successful team performance
(Joshi and Roh 2009). To further illustrate the
importance of context for diverse science teams,
increasing the gender diversity of science and
engineering teams leads to greater productivity
when the teams are in disciplines with more
female faculty members (Joshi 2014). In this
study, the productivity of gender diverse teams is
also influenced by the gender representation of a
given discipline, further illustrating the value of
considering the work context for assembled
teams.

Another key aspect of diversity is functional
and skill-based diversity. Returning to the exam-
ple of the interdisciplinary cancer research team,
one member was an imaging specialist creating
value for several teams due to the unique skills
that the teams gained by including the specialist
as a member. The increasing complexity of work
tasks makes diverse teams essential because such
tasks make crossing functional and disciplinary
boundaries a standard part of modern collabora-
tion. There is a trade-off to consider when assem-
bling functionally diverse teams, problem-solving
and product development stages may benefit
from the unique combinations of functional
perspectives, but the speed of implementation is
diminished because the team is less equipped for
teamwork than homogenous teams (Ancona and
Caldwell 1992b). Functional diversity is benefi-
cial to consider in team assembly, but it is also
important to specify the different forms of func-
tional diversity. There are at least four different
ways to consider functional diversity for team
members during team assembly: dominant func-
tion diversity, functional background diversity,
functional assignment diversity, and intraper-

sonal functional diversity (Bunderson and
Sutcliffe 2002). Dominant function diversity is
the distribution of functional areas represented
by team members. Functional background diver-
sity is the difference between team members with
respect to their functional backgrounds.
Functional assignment diversity is the extent to
which the current assignment covers certain
functional areas. Lastly, intrapersonal functional
diversity is the diversity within each team mem-
ber’s functional experiences; i.e., is a person a
functional specialist or a generalist (Bunderson
and Sutcliffe 2002). Science teams, both interdis-
ciplinary and disciplinary, rely upon functional
diversity, and using a clear conceptualization of
functional diversity when assembling the team
will make assembly more consistent with respect
to the criteria used to assemble a functionally
diverse team.

In summary, the composition of a team with
respect to competencies, skills, and traits affects
a team’s collective properties since diversity,
team-level ability, and other features are aggre-
gated from individual-level attributes (Mathieu
et al. 2008). However, the aggregation of compo-
sition factors results in two different types of
team properties: shared and configural (Klein and
Kozlowski 2000). Although there are differences,
both shared and configural properties are the
“experiences, attitudes, perceptions, values, cog-
nitions, or behaviors that are held in common by
the members of a team” (Klein and Kozlowski
2000, p. 216). Measuring shared team properties
requires gathering data from individual team
members and aggregating the data to the team
level. Examples of shared team properties include
team mental models, team cohesion, and team
satisfaction. Aggregation indicates the amount of
sharedness for a property. On the other hand,
measuring configural team properties relies on
the “array, pattern, or variability of individual
characteristics within a team” (Klein and
Kozlowski 2000, p. 217). The key distinction
between shared and configural properties is that
configural properties capture the differences
along individual attributes within the team, but
shared properties do not capture the differences.
Shared and configural properties help incorporate
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the compositional perspective into understanding
the team at a level beyond the individuals.
However, the insights obtained from this compo-
sitional perspective can be supplemented by
including the relational perspective for a team
discussed next.

17.4.2 Relational Perspective
of Team Assembly

When assembling teams, the relationships among
potential team members inform the performance
potential of the team. Therefore, developing an
awareness for the impact of relationships when
assembling teams is immensely important. A
team’s ability is not only the aggregation of indi-
vidual attributes but also results from the combi-
nation of members and their interactions (Woolley
et al. 2010). For individuals, it is important to
recognize the need for creating and maintaining
relationships throughout a scientific career. Over
the years, a scientist will have countless opportu-
nities to collaborate with colleagues having
diverse levels of experience, will need to adjust
strategies regarding the pursuit or acceptance of
collaborations based on personal experiences,
and must make conscious decisions about with
whom to re-engage in collaboration when assem-
bling new teams (Petersen 2015). Collaboration
relies on the ability and effectiveness of team
members when interacting with one another.
Teams that generate innovative ideas need to
interact with the dissenting and divergent-
thinking members to simulate a team’s creativ-
ity (De Dreu and West 2001), and establishing
coordination procedures for various social prac-
tices and processes ensure effective communica-
tion while in a collaboration (Fussell et al. 1998;
Kraut and Streeter 1995). To address the need to
have useful collaboration practices, scientific
researchers have been shown to commonly work
with prior collaborators (Guimera et al. 2005;
Norton et al. 2017; Taramasco et al. 2010). Based
on previous experience with certain individuals,
the preference to work with prior collaborators
can be partially attributed to having a clear under-
standing of collaborators’ behaviors and expecta-

tions for coordination (Cummings and Kiesler
2008; Hahn et al. 2008; Hinds et al. 2000;
Lungeanu et al. 2014). Groups where members
have strong relationships exhibit different inter-
actions and perform better on decision-making
and motor tasks when compared to groups of
people with weaker relationships (Shah and Jehn
1993). The importance of strong relationships is
present when teams encounter and must work
through task conflict because team performance
suffers most when there are both task conflict and
relationship conflict (De Dreu and Weingart
2003). In another example, the combination of
within-team interactions, individual attributes of
team members, and the leadership relationships
in a team provides a multifaceted and nuanced
treatment of how relationships and team pro-
cesses impact a team’s performance (Balkundi
et al. 2009; Balkundi et al. 2011; Balkundi and
Harrison 2006; Balkundi and Kilduff 2006).
These examples demonstrate the benefits of a
relational perspective in team assembly and its
helpfulness in building firmer expectations for
the subsequent interactions that will occur
within teams.

Given the importance of relationships to teams
and their assembly, we adopt concepts and theory
from social network theory to provide a relational
perspective. There are numerous theoretical
explanations that are used to explain the role of
social networks in team assembly: self-interest
theories, social exchange or dependency theories,
mutual or collective interest theories, cognitive
theories, and homophily theories (Contractor
2013; Katz et al. 2004; Monge and Contractor
2003). Each of these theories illustrate different
motives that people follow when assembling
teams, and all are relevant to the scientist who is
assembling or being assembled into a team.

Self-interest theory states that actors will
behave to maximize their individual interests,
while also accounting for the social structure in
which an actor belongs (Coleman 1988). This
theory is applicable to team assembly because
researchers who are assembling into teams will
undeniably have their own personal goals and
interests they wish to advance by working within
the team. While theories of self-interest explain
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why one individual would like to assemble into a
team with another who maximizes the former’s
self-interest, it does not take into account the lat-
ter’s self-interest. In such cases, theories of social
exchange or dependencies theories provide a
frame of reference to think about how individuals
assemble into teams where each member contrib-
utes resources to, and benefits from, others
(Emerson 1976). This frame of reference helps to
explain why people with different types of
resources will collaborate. If one party has access
to technological infrastructure while another per-
son has the specific skills required to efficiently
use the technological infrastructure for research,
then both parties benefit by exchanging their own
resource for another resource that they consider
valuable. In contrast, theories of collective action
suggest that multiple people with a shared inter-
est will assemble not because they need resources
from each other (as posited by social exchange
theory) but because they believe that acting col-
lectively as a team increases their ability to get
resources or other outcomes from a third party
(Marwell et al. 1988). Research communities like
nanoHUB emerge as a “public good” through the
collective efforts of many people who find value
in the common resource, and teams assembled
within such a community are typically composed
of people who share a collective interest around
advancing nanotechnology research.

Cognitive theories explain team assembly
based at least two motivations: cognitive consis-
tency and transactive memory. The first motiva-
tion, cognitive consistency, uses balance theory
to refer to people’s need for consistency and
balance in social relationships with respect to the
perceptions they share with their close relations.
The common example is that two friends should
both also be friends with a shared third person to
create balance to their relationships (Heider
1958). Based on this perspective, individuals are
more likely to assemble into teams with those
who have collaborated with their previous col-
laborators. The second motivation, transactive
memory, refers to team members’ ability to iden-
tify who possesses expertise and skills within a
team and then develop relevant interaction net-
works to effectively engage and communicate

with the necessary people (Ren and Argote 2011;
Wegner 1987, 1995; Wegner et al. 1991). Based
on this perspective, individuals are more likely to
assemble into teams with those who they believe
(based on their transactive memory system) pos-
sess the necessary skills required in the team.
Homophily theories explain the assembly of
teams based on the presence of shared character-
istics and belonging to the same social groups
(McPherson and Smith-Lovin 1987; McPherson
et al. 2001; Ruef et al. 2003). Therefore, people
are more likely to build relationships with people
who are like them along some dimensions; e.g.,
have the same gender, race, disciplinary exper-
tise, etc. All five of these theoretical families—
self-interest, social exchange, collection action,
cognitive theories, and homophily—simultane-
ous contribute to motivations for team assembly.
Therefore, incorporating a relational perspective
on team assembly is meaningful since science
teams rely on multiple types of relationships and
need access to multiple information sources to
accomplish their research goals.

The prevalence of interdisciplinary teams
underscores the value of being able to access
multiple information sources. Interdisciplinary
teams are privileged in their social networks
because their members are diverse along at least
some dimensions that are relevant to the problem.
Using a network perspective, a team’s perfor-
mance in generating new ideas results from the
structural diversity of a team’s members and not
a team’s demographic diversity (Balkundi et al.
2007). Another benefit of diversity comes not
only from the unique contributions of each
member but also stems from a diverse team’s
ability to cross organizational and disciplinary
boundaries to access unique, nonredundant infor-
mation (Cross and Cummings 2004; Podolny and
Baron 1997). Teams that effectively communi-
cate outside of the unit gain information that
helps them in accomplishing their work. Ancona
and Caldwell (1992b) observed that a major ben-
efit of functionally diverse teams was the amount
of their communication that occurred outside of
the team. The teams that engage in external com-
munication activities organize and schedule their
activities in such a way to better support a team’s
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chances of being productive and successful
(Ancona and Caldwell 1992a).

Teams that are designed with diversity consid-
erations can be assembled to maximize both a
team’s internal density and external range with
respect to the team’s interactions (Reagans et al.
2004). A team’s internal density is the amount
of connections that exist among team members.
A team’s effectiveness in coordination is dimin-
ished if a team does not have strong relationships
among members, has a hierarchy, or there is a
lack of communication within the team
(Cummings and Cross 2003). Assembling a team
that has prior network connections has a positive
effect on team performance, most likely due to
team members being accessible to one another,
able to share information with one another, and
having relationships before the start of collabora-
tion. Assembling a team that has diverse net-
works connections outside the team, or external
range, also has a positive effect on performance.
External range refers to a team’s ability to access
different parts of a broader network to utilize
nonredundant information. The external range is
an essential component for the development of a
team’s social capital and individual’s ability to
productively transfer knowledge across boundar-
ies and utilize information from diverse informa-
tion sources (Cummings and Pletcher 2011;
Reagans and McEvily 2003; Reagans and
Zuckerman 2001). Assembling interdisciplinary
teams that have both internal density and external
range are better positioned to have success.

More benefits of the relational perspective are
apparent when scientific research is understood
to exist within a larger community and network
(Shrum et al. 2007). Achieving scientific break-
throughs and innovations depends on both the
team itself and the broader network of relation-
ships in which the team is embedded. When
selecting collaborators, people have many deci-
sion criteria and their choices are dynamic and
contingent upon their goals, but also the avail-
ability, interest, and expertise of others (Bikard
et al. 2015). Inventors with patents are able to
generate breakthroughs in part because of
extended networks and have higher impact
because of team and organization affiliation

(Singh and Fleming 2010). The ability of such
teams to innovate within a scientific industry is
influenced and constrained by the overall struc-
ture of the network relations (Ahuja 2000). Teams
are valuable products of the social environment
in which their members exist before assembling a
team, and relationships play an important part in
understanding science team assembly as part of a
much larger ecosystem discussed next.

17.4.3 Ecosystem Perspective
of Team Assembly

The preceding sections have underscored the
insights offered by the compositional and rela-
tional perspectives on team assembly. In this sec-
tion, we consider how the assembly of a team and
its subsequent performance are shaped by the
broader ecosystem in which a team is embedded.
The effectiveness of teams is “a function of task,
group, and organization design factors, environ-
mental factors, internal processes, external pro-
cesses, and group psychosocial traits” (Cohen
and Bailey 1997). Accounting for all such factors
results in increasingly complex conceptualiza-
tions of the team and task environments to under-
stand the effectiveness of any team (Crawford
and Lepine 2013; Marks et al. 2005; Marks et al.
2001; Mathieu et al. 2008). Therefore, teams
must assemble to meet the expectations and goals
of the larger ecosystem or organization to which
they belong. Assessing the performance or ability
of a team is highly dependent upon such factors,
and the team will not be considered successful
without its goals having a strong alignment with
the organization (Hackman 1992; Kozlowski and
Ilgen 2006).

The ecosystem encompassing scientific
research promotes the assembly of interdisciplin-
ary teams (Cummings and Kiesler 2005). As a
result, there is high investment in developing
infrastructure and physical spaces to facilitate
and support interdisciplinary research (Dahlander
and McFarland 2013; Jacobs and Frickel 2009).
The interactions that occur between collabora-
tions and their supporting infrastructure affect a
team’s performance. For example, sharing facil-
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ity and equipment resources may result in sched-
uling conflicts and delays, or the reporting
requirements of an organization may determine
the priority of work tasks for a team (Shrum et al.
2001). Scientific enterprises are organized and
managed in ways that promote diverse collabora-
tion styles, e.g., bureaucratic, leaderless, nonspe-
cialized, and participatory (Chompalov et al.
2002). These differences in collaboration styles
are useful to reflect upon when assembling teams.
Bureaucratic collaboration is helpful in multi-
university or multi-institution projects to help
define goals, determine hierarchy and authority
structures, and minimize ambiguity in the col-
laboration while balancing the interests of all
parties. Leaderless collaboration delegates tasks
to parties deemed competent and responsible,
while letting the parties maintain control of their
main specialties. Nonspecialized collaboration
typically has a hierarchy and reporting structure
but will not delegate or distribute clear responsi-
bilities. Participatory collaboration typically takes
place within a single discipline, and the members
performing tasks tend to manage themselves and
regulate the internal activities needed by a research
project. Any of these collaboration styles will be
determined by the organizations that host the
research teams (Chompalov et al. 2002).

Teams pursuing high-risk interdisciplinary
research projects are encouraged and rewarded
by the modern science ecosystem (Cummings
and Kiesler 2014; Lungeanu et al. 2014; Ma et al.
2015). Lungeanu et al. (2018) characterize the
ecosystem in terms of team interlocks. Team
interlocks ecosystems comprise teams linked to
one another through overlapping membership in
teams and/or overlapping knowledge domains.
Conceptually, team interlock ecosystems offer
novel insights about “how the structural charac-
teristics of embedding ecosystems serve as the
primordial soup from which new teams assem-
ble” (Lungeanu et al. 2018, p. 1). Specifically,
they found that teams were more likely to assem-
bly if the members of the potential team also
belonged to other teams, in the immediate neigh-
borhood, that had minimal overlap. Intuitively,
this suggests that the members of the nascent
team are able to draw upon the ideas and resources

of diverse nonoverlapping other teams in the
local ecosystem in which they are embedded.
Concurrently, they also found that teams are
more likely to assemble when there is consider-
able overlap in the overall global ecosystem. That
is, a nascent team is more likely to nucleate if the
potential members of this team belonged to other
teams, who had members belonging to other
teams, who have members belonging to yet other
teams, and there was considerable overlap in
membership in the overall global ecosystem.
Taken together, these findings suggests that (i)
less overlap in the local ecosystem facilitates the
assembly of teams that can engage in innovative
ideas drawing upon their diverse nonoverlapping
sources in other teams and (ii) more overlap in
the global ecosystem facilitates the assembly of
teams by providing legitimacy to the broader
intellectual enterprise in that scientific domain.

The ecosystem has also lead to the birth of
new disciplines that emerge to better integrate
multiple areas. Using oncofertility as an exam-
ple, researchers specializing in fertility preserva-
tion and researchers specializing in cancer began
assembling into teams to explore questions at the
intersection of both topics (Lungeanu and
Contractor 2015). The emergence of a new disci-
pline means that a team working in such a space
must almost exclusively rely on the information
that exists within the originating disciplines, and
the assembled team must efficiently synthesize
the diverse information with the explicit goal of
creating something above and beyond each of the
parent disciplines. The teams performing these
types of tasks rely on their external connections
outside of the team (Ancona and Caldwell 1992a,
1992b; Cummings 2004; Cummings and Pletcher
2011), but the quality of the information is the
result of the larger ecosystem.

It is complex to navigate a broader ecosystem
when collaborating and interacting. A frequent
outcome is the emergence of a “structural fold”
that occurs among teams that have overlapping
membership; it is important to note that the over-
lapping teams can potentially have highly differ-
ent levels of ability and experience different
levels of success (de Vaan et al. 2015). The over-
lapping teams make clear that members must
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constantly make contributions to multiple teams,
which is often typical in scientific research.
Making contributions to multiple teams requires
nontrivial amount of effort by the members. The
interdependence among teams is affected by the
individuals’ goals and decisions regarding where
to put their efforts when balancing the interests
from multiple teams (Wageman et al. 2012). The
concept of teaming refers to the dynamic and
changing membership and team activities in
which people in the modern collaboration envi-
ronment participate (Edmondson 2012a, 2012b).
Science team members with specialized skills are
often faced with prioritizing tasks for multiple
teams and are often participating in different
teams on a temporary basis. Belonging to multi-
ple teams requires conscious allocation of time
and attention by a person, but productivity and
learning of people are influenced by the work
contexts of the teams and the connections that
exist among the teams (O’Leary et al. 2011).
These considerations for individuals mean that
all team members are balancing potentially con-
flicting priorities and maintaining a shared under-
standing for a given team’s progress, status, and
membership may be difficult for the members
(Mortensen 2014). The ecosystem of science
teams is dynamic and requires the people therein
to manage their responsibilities and obligations,
making team assembly dependent upon the team
environment.

In summary, the compositional perspective
considers the combination of individual’s attri-
butes and traits, and with this perspective, a person
assembling a team can ensure that the members
meet the requisite abilities and personality
characteristics needed to successfully accom-
plish the essential work tasks. The relational per-
spective considers the social relationships and
networks in which the team members belong
and using relationships among team members
means that it is possible to better understand the
interactions and the social dynamics that will
exist during a collaboration. Both perspectives
are augmented by the inclusion of the ecosystem
perspective, which provides the context in
which the assembled team will be working. The

context may include the scientific landscape,
large organizations, departments, disciplines of
inquiry, or the established work routines that will
affect a team. It is important for a practitioner to
be cognizant of all three perspectives that con-
tribute to the assembly of effective scientific
teams. However, garnering information from all
these perspectives and integrating them into the
task of team assembly are nontrivial for a single
individual. In the following section, we discuss
the role of technology and data sources to help
make team assembly decisions that use as much
available data as possible.

17.5 Technology, Data,
and Recommendation
Algorithms in Team
Assembly

Key Takeaway: Technology is becoming increas-
ingly useful in assembling teams, and there is
now a large amount of readily available digital
data and growing interest in the development of
recommendation algorithms that enable and
understand team assembly.

Newly available digital data opens many new
opportunities to measure the social interactions
encompassing team assembly. The use of digital
trace data gathered from our use of technology is
a powerful resource for the study of teams and
team assembly. People engage in various behav-
iors when selecting their teammates: searching
and screening information about others, extend-
ing invitations to others, considering invitations
from others, rescinding invitations, and recusing
themselves after accepting an invitation.
However, much of these “sausage-making”
details about the assembly process are well-nigh
impossible to glean accurately from retrospective
self-reported data, such as surveys and inter-
views, or in-person observations. Indeed, social
networks research has repeatedly shown that
respondents are inaccurate in their reporting of
network connections (Bernard and Killworth
1977; Bernard et al. 1984; Bernard et al. 1980;
Bernard et al. 1982; Humphrey and Aime 2014;
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Killworth and Bernard 1976, 1980; Krackhardt
1987; Marsden 1990).

These limitations have the potential of being
scaled due to the availability of digital trace data
on a large scale, ushering in the era of computa-
tional social science (Lazer et al. 2009).
Computational social science provides new
opportunities in the exploration of team assembly
through the analysis of web-based platforms that
are used for team assembly and collaboration as
well as the increased access to digital archives of
collaboration records and histories. Team
research has historically been at a data deficit
when considering preteam communication or
interactions, but now digital trace data and acces-
sible longitudinal data in digital archives have the
potential to provide rich data about social interac-
tions and individuals engaged in the process of
team assembly. These data hold great potential
for both studying team assembly and providing
an environment for the development of better
systems to facilitate team assembly. The two
aspects driving this movement are the develop-
ments of technology to enable team assembly
and the data that fuels their use. These are dis-
cussed in the next two subsections.

17.5.1 Technology

Technology is present in many aspects of scien-
tific work, and the presence of social technology
has brought many benefits to the modern work-
place. Many organizations have implemented
web-based social technologies to connect
employees to one another and facilitate organiza-
tion learning, communication, expertise search,
and collaboration (Colbert et al. 2016; Leonardi
et al. 2013; Lin et al. 2009; Treem and Leonardi
2012). The proliferation of such technology ben-
efits team assembly because people are more able
to acquire knowledge and information about their
broader organization and the potential collabora-
tors therein (Huang et al. 2013; Leonardi 2015).
Access to such knowledge is invaluable for
people who need to assemble teams when per-
forming highly intensive scientific research since

there are many, often competing considerations
that must be made (Reagans et al. 2004). The
inclusion of technology into team assembly con-
siderations clarifies meaningful selection criteria
and effective algorithms to assemble teams that
accomplish meaningful outcomes. Technology
aids the matching of team members based on
their abilities as well as their fit among team
members (D’Souza and Colarelli 2010; Spoelstra
et al. 2015). To illustrate the value of technology
in team assembly, we describe three technologies
that improve knowledge availability for people
who are assembling teams.

These platforms have applications in busi-
nesses, instructor-assigned student teams, and
self-assembled research teams. The Pingboard
platform allows for organizations to generate and
aggregate data on the collaborations that are
occurring within the organization instead of hav-
ing a static reporting chart (Easy, beautiful org
chart software | Pingboard n.d.). The application
is meaningful because users can recognize the
people who collaborate with one another and can
use such information to assemble teams based on
actual collaborations instead of assumed relation-
ships based on inaccurate information. Another
software platform, CATME, is used by instruc-
tors who are assigning students to teams and pro-
vides value because a single person can use the
software to organize information and specify the
criteria used to assemble teams (CATME n.d.;
Jahanbakhsh et al. 2017; Layton et al. 2010).
The MyDreamTeam platform facilitates the self-
assembly of project teams for a population of
users (Asencio et al. 2014; My Dream Team
Assembler n.d.). MyDreamTeam gives agency to
those assembling their own teams, provides
information about potential collaborators through
online profiles and search recommendations, and
affords messaging interactions comparable to an
online dating application. These three platforms
are examples of a growing technology genre
focused on team assembly. But there is still much
to learn from mature and active online communi-
ties where users assemble teams and engage in
scientific and technical collaborations to solve
real-world problems.
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17.5.2 Digital Trace Data

Data generated and tracked on digital platforms,
such as messaging applications (e.g., Slack),
software repositories (e.g., GitHub), and digital
archives such as the Web of Science provide
data that fuel the technology to help team
assembly. The Internet has simplified access to
United States patent records and published aca-
demic articles. For example, there are databases
available from the US Patent and Trademark
Office (USPTO), the Web of Science, Elsevier,
US National Institutes of Health (NIH), and the
United States National Science Foundation
(NSF). These records are especially helpful in
the study of teams because they are historical in
nature, span the entire careers of some people in
the sample, and include clear definitions of
teams through authorship lists. The most impor-
tant fact obtained by analyzing such data is that
teams are increasingly becoming more preva-
lent and impactful. The amount of research done
by teams has been increasing over time (Leahey
2016). From analysis of over half a million
USPTO patent records, teams are shown to
reduce the chance of producing poor outcomes
while increasing the chance of having a highly
successful invention (Singh and Fleming 2010).
Using the Web of Science, researchers have
uncovered important facts surrounding teams by
leveraging the Web of Science database contain-
ing over 20 million records over five decades
and 2.1 million patent records over three decades
(Jones et al. 2008; Wuchty et al. 2007).
Analyzing these research products and learning
how the teams were composed and assembled
provides a great deal of information about teams
that are successful, innovative, and productive.
Another benefit of such data archives is that
there is more available data on teams that were
not as successful in accomplishing their goals as
those who earned patents or publications. To
have a comprehensive perspective of science
team assembly, it is meaningful to explore teams
that were unsuccessful. There are studies using
data from the NSF about funded projects and pro-
posals that include both successful and unsuc-
cessful teams in terms of being awarded a

research grant. Using data from the NSF, analysis
shows geographically distributed teams are
becoming more common and have higher impact
than co-located teams (Cummings and Kiesler
2007, 2014). However, when accounting for both
successful and unsuccessful proposals, it was
found that multidisciplinary and geographically
distributed teams are less likely to be successful
than teams that are less multidisciplinary and
geographically co-located (Cummings and
Kiesler 2005, 2008). More recent research has
been conducted based on 1103 successful and
unsuccessful NSF grant proposals submitted to
two interdisciplinary initiatives spanning a 3-year
period. The results showed that people are more
likely to assemble a proposal team with people
with whom they already have relationships, but
are more likely to be unsuccessful if they cite one
another—implying an incestuous intellectual
relationship that does not augur well for innova-
tion (Lungeanu et al. 2014). Clearly, without the
use of digital data archives, the availability of
information regarding less successful or failed
teams would not be as readily available.

17.5.3 Recommendation Algorithms

The Internet is a powerful tool for the future of
work (Colbert et al. 2016). However, there are
countless options and an overwhelming amount
of information available online. To help people
manage all the options and information, the
development of approaches to filter information
based on multiple users has been impactful and
useful (Resnick et al. 1994). Modern technologies
that recommend content are embedded in many
web platforms. One would be hard pressed to find
an online scenario that does not provide content
to a user by making recommendations derived
from an algorithm; friend suggestions, future
purchases, the next website to visit, and the next
content to consume in general are all examples of
commonly generated recommendations (Lazer
2015). Using search queries, click-through data,
survey responses, prior purchasing behavior, and
countless other user data, a person’s actions are
modeled and compared to other people to gener-
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ate recommendations that help drive individual
choices on the Internet.

Recommendations online are also relevant
to social relationships. Major social network-
ing websites, such as LinkedIn, Facebook,
Instagram, and Twitter, all recommend people
that you may know or people with whom you
should connect based on a given individual’s
interest, demographics, and shared network
connections. These same types of algorithmic
approaches can be used for the assembly of teams
(Contractor 2013; Fazel-Zarandi et al. 2011).
Recommendation algorithms use many more
data sources and considerations than people
can consider, which makes them able to assess
numerous team combinations, recommend com-
binations with some level of confidence, and
provide metrics to help assemble the teams with
the highest possibility for success (Ghasemian
et al. 2016; Lappas et al. 2009). Recent research
has also investigated the ability of algorithms to
replace members of teams (Li et al. 2015). There
is great value in using recommendations to
assess different options for a replacement team
member that allows people to anticipate how a
new addition will influence different team per-
formance measures. The inclusion of technolog-
ical considerations and recommendations will
aid team assembly by making collaborations that
may occur within the scientific task environment
more responsive to changes.

17.6 Conclusion

There is always been prima facie intuition that
team assembly is an important prerequisite to
consider in the work of modern science teams.
This chapter has sought to marshal the evidence
and herald the potential of a more systematic evi-
dence base for this intuition. In this chapter, we
have distinguished, and weighed the pros and
cons, of two different assembly types—staff-
assembly and self-assembly. We have provided
the practitioner with evidence for why team
assembly must be considered from three perspec-
tives: compositional (individual attributes of
potential team members), relational (the prior

relations among these members), and ecosystem
(the relations of these members with others via
their membership in multiple overlapping teams).
We also previewed the potential of technology
platforms, the proliferation of digital trace data,
and the development of recommendation algo-
rithms to dramatically improve our ability to both
enable and understand team assembly. Given the
ever-increasing need for science to be conducted
in teams, the science of team assembly, and the
need for practitioners to leverage these insights,
will only grow in importance.
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