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Scientists are increasingly charged with solving complex societal, health, and environmental
problems. These systemic problems require teams of expert scientists to tackle research
questions through collaboration, coordination, creation of shared terminology, and complex
social and intellectual processes. Despite the essential need for such interdisciplinary inter-
actions, little research has examined the impact of scientific team support measures like
training, facilitation, team building, and expertise. The literature is clear that solving complex
problems requires more than contributory expertise, expertise required to contribute to a
field or discipline. It also requires interactional expertise, socialised knowledge that includes
socialisation into the practices of an expert group. These forms of expertise are often tacit
and therefore difficult to access, and studies about how they are intertwined are nearly non-
existent. Most of the published work in this area utilises archival data analysis, not individual
team behaviour and assessment. This study addresses the call of numerous studies to use
mixed-methods and social network analysis to investigate scientific team formation and
success. This longitudinal case-based study evaluates the following question: How are sci-
entific productivity, advice, and mentoring networks intertwined on a successful inter-
disciplinary scientific team? This study used applied social network surveys, participant
observation, focus groups, interviews, and historical social network data to assess this spe-
cific team and assessed processes and practices to train new scientists over a 15-year period.
Four major implications arose from our analysis: (1) interactional expertise and contributory
expertise are intertwined in the process of scientific discovery; (2) team size and inter-
disciplinary knowledge effectively and efficiently train early career scientists; (3) integration
of teaching/training, research/discovery, and extension/engagement enhances outcomes;
and, (4) interdisciplinary scientific progress benefits significantly when interpersonal rela-
tionships among scientists from diverse disciplines are formed. This case-based study
increases understanding of the development and processes of an exemplary team and pro-
vides valuable insights about interactions that enhance scientific expertise to train inter-
disciplinary scientists.
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Introduction

cientists are increasingly charged with solving complex and

large-scale societal, health, and environmental challenges

(Read et al, 2016; Stokols et al., 2008). These systemic
problems require interdisciplinary teams to tackle research
questions through collaboration, coordination, creation of shared
terminology, and complex social and intellectual processes (Barge
and Shockley-Zalabak, 2008; De Montjoye et al., 2014; Fiore,
2008). Thus, to successfully approach complex research ques-
tions, scientific teams must synthesise knowledge from different
disciplines, create a shared terminology, and engage members of a
diverse research community (Matthews et al., 2019; Read et al,,
2016). Despite significant time, energy, and money spent on
collaboration and interdisciplinary projects, little research has
examined the impact of scientific team support measures like
training, facilitation, team building, and team performance
metrics (Falk-Krzesinski et al., 2011; Klein et al., 2009).

Studies examining the development of scientific teaming skills
that result in successful outcomes are sparse (Fiore, 2008; Hall
et al., 2018; Wooten et al., 2014). The earliest studies of colla-
boration in science used bibliometric data to search for predictors
of team success such as team diversity, size, geographical proxi-
mity, inter-university collaboration, and repeat collaborations
(Borner et al., 2010; Cummings and Kiesler, 2008; Wuchty et al.,
2007). Building from these studies, current research focuses on
team processes. Literature suggests that to successfully frame a
scientific problem, a team must also engage emotionally and
interact effectively (Boix Mansilla et al., 2016) and that scientific
collaboration involve consideration of the process, collaborator,
human capital, and other factors that define an scientific colla-
boration (Bozeman et al., 2013; Hall et al., 2019; Lee and
Bozeman, 2005). Similarly, Zhang et al. (2020) used social net-
work analysis to examine how emotional intelligence is trans-
mitted to team outcomes through team processes. Still more
research is needed, and Hall et al. (2018) called for team science
studies that use longitudinal designs and mixed-methods to
examine project teams as they develop in order to move beyond
bibliometric measures of success and to explore the complex,
interacting features in real-world teams.

Fiore (2008) explained that much of what we know about the
science of team science (SciTS), training scientists and team
learning in productive team interactions, is anecdotal and not the
result of systematic investigation (Fiore, 2008). Over a decade
later there is still a paucity of research on how scientific teams
develop the type of expertise they need to create new knowledge
and further scientific discovery (Bammer et al., 2020). Bammer
et al. (2020) has identified and defined two types of expertise: (1)
contributory expertise, expertise required to make a contribution
to a field or discipline (Collins and Evans, 2007); and (2) inter-
actional expertise, socialised knowledge that includes socialisation
into the practices of an expert group (Bammer et al., 2020). These
forms of expertise are often tacit, codified by “learning-by-doing,”
and augmented from project to project; therefore, they are diffi-
cult to measure and rarely documented in literature (Bammer
et al,, 2020).

Wooten et al. (2014) outlined three types of evaluations—
developmental, process, and outcome—needed to understand
how teams develop and to provide information about their future
success (Wooten et al., 2014). A developmental evaluation focuses
on the continuous process of team development, and a process
evaluation focuses on team interactions, meetings, and engage-
ment (Patton, 2011). Both development and process evaluations
have the common goal of understanding the team’s future success
or failures, also known as the team’s outcomes (e.g., grants,
publications, and awards) (Patton, 2011). The majority of pub-
lished work on outcome metrics is evaluated by archival data
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analysis, not individual team behaviour and assessment (Hall
et al., 2018). Albeit informative, these studies are based upon
limited outcome metrics such as publications and represent only
a selective sampling of teams that have achieved success. To
collect these three types of evaluation data, it is recommended to
engage mixed-methods research such as a combination of social
network analysis (SNA), participant observation, surveys, and
interviews, although these approaches have not been widely
employed (Bennett, 2011; Borner et al., 2010; Fiore, 2008; Hall
et al.,, 2018; Wooten et al., 2014).

A few key studies have provided insight into successful colla-
boration strategies. Duhigg (2016) found that successful teams
provided psychological safety, had dependable team members,
and relied upon clear roles and structures. In addition, successful
teams had meaningful goals, and team members felt like they
could make an impact through their work on the team (Duhigg,
2016). Similarly, Collins (2001) explained that in business teams,
moving from “Good to Great” required more than selecting the
right people; the team needed development and training to
achieve their goals (Collins, 2001). Woolley et al. (2010) found
that it is not collective intelligence that builds the most effective
teams, but rather, how teams interact that predicts their success
(Woolley et al., 2010). The three traits they identified as most
associated with team success included even turn-taking, social
sensitivity, and proportion female (when women’s representation
nears parity with men) (Woolley et al., 2010). Finally, Bammer
et al. (2020) recommended creating a knowledge bank to
strengthen knowledge about contributary and interactional
expertise in scientific literature to solve complex problems. Col-
lectively, these studies argue that the key to collective intelligence
is highly reliant on interpersonal relationships to drive team
success.

This article reports on a longitudinal case-based study of an
exemplary interdisciplinary scientific team that has been suc-
cessful in typical scientific outputs, including competing for
research awards, publishing academic articles, and training and
developing scientists. This analysis examines how scientific pro-
ductivity, advice, and mentoring networks intertwined to pro-
mote team success. The study highlights how the team’s processes
to train scientists (e.g., developing mentoring and advice net-
works) have propelled their scientific productivity, fulfilled the
University’s land grant mission (i.e., emphasises research/dis-
covery; education/training; and outreach/engagement) and cre-
ated contributory and interactional expertise on the team. Team
dynamics were evaluated by social network surveys, participant
observation, focus groups, interviews, and historical social net-
work data over 15 years to develop theory and evaluate complex
relationships contributing to team success (Dozier et al., 2014;
Greenwood, 1993).

Methods

Case study selection. The [BLIND] Science of team science
(SciTS) team consisted of scientists trained in four different dis-
ciplines and research administrators. The SciTS team monitored
twenty-five interdisciplinary teams at [BLIND] for 5 years from
initiation of team formation to identify team dynamics that
related to team success. This case is thus presented as part of an
ongoing study of the 25 teams, supported by efforts through the
[BLINDED] to encourage and enhance collaborative, inter-
disciplinary research and scholarship. Team outcomes were
recorded annually and included extramural awards, publications,
presentations, students trained, and training outcomes. An
exemplary case-based study is appropriate when the case is
unusual, the issues are theoretically important, and there are
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practical implications (Yin, 2017). Further, cases can illustrate
examples of expertise and provide guidance to future teams
(Bammer et al., 2020). An “exemplary team designation” was
given to this team by the SciTS evaluators. Metrics used to des-
ignate an exemplary team included: team outcomes; highly
interdisciplinary research; longevity of the team; fulfilment of all
aspects of the land grant mission (research/discovery; education/
training; and outreach/engagement); integration of team mem-
bers; and use of external reviewers.

Social network survey. The exemplary team included Principle
Investigators (PIs), postdoctoral researchers (postdocs), graduate
students, undergraduate students, and active collaborators
external to the University. The entire team was surveyed annually
2015-2019 about the extent and type of collaboration with other
team members. In 2015, the team was asked about prior colla-
borations, and in subsequent years they were asked about addi-
tional interactions since joining the team. Possible collaborative
activities included research publications, scientific presentations,
grant proposals, and serving on student committees. Team
members were also asked the types of relationships they had with
each team member, including learning, leadership, mentoring,
advice, friendship, and having fun (Supplementary 2). Data were
collected using a voluntary online survey tool (Organisational
Network Analysis Surveys). All subjects were identified by name
on the social network survey but are not identified in any network
diagrams or analyses. SNA software programmes R Studio (R
Studio Team, 2020) and UCINET (Borgatti et al., 2014) were used
to analyse data and Visone (Brandes and Wagner, 2011) was used
to create visualisations. The response rate for the survey was 94%
in 2015, 83% in 2016, 95% in 2017, and 81% in 2018. All data
collection methods were performed with the informed consent of
the participants and followed Institutional Review Board protocol
#19-8622H.

Data from the social network survey were combined to create
three different network measures: scientific productivity, mentor-
ing, and advice. The scientific productivity network was a
combination of four survey measures: research/consulting, grants,
publications, and serving on student committees. Scientific
productivity represents a form of cognitive or contributory
expertise: expertise required to contribute to a field or discipline
(Bammer et al., 2020; Boix Mansilla et al., 2016). The mentoring
and advice networks were created from social network survey
questions: “who is your mentor?” and “who do you go to for
advice?”, respectively. Mentor and advice are tacit forms of
interactional expertise: socialised knowledge that includes socia-
lisation into the practices of an expert group (Collins and Evans,
2007). Other studies have also found a connection between social
characteristics of interdisciplinary work and other factors like
productivity, career paths, and a group’s ability to exchange
information, interact, and explore together (Boix Mansilla et al,,
2016).

Social network data were summarised using average degree,
sometimes split into indegree and outdegree. Outdegree is a
measure of how many team members a given individual
reported getting advice, or mentorship, from. Similarly, the
indegree of an individual is a measure of how many other team
members reported receiving advice, or mentorship, from that
person. Average degree is the average number of immediate
connections (i.e., indegree plus outdegree) for a person in a
network (Giuffre, 2013; R. Hanneman and Riddle, 2005a,
2005b). To further explore the mentoring and advice networks,
we calculated the average degree/outdegree/indegree of post-
docs, graduate students, and faculty separately to directly
compare demographic groups.

The advice, mentoring, and scientific productivity networks
were directly compared using the Pearson correlation between the
corresponding network adjacency matrices. We predicted a
positive correlation between the advice, mentoring, and scientific
productivity matrices. Statistical significance (p < 0.05) of correla-
tions was assessed with the network permutation-based method
Quadratic Assignment Procedure (QAP) (R. A. Hanneman and
Riddle, 2005a, 2005b).

Historical social network data. A historical network survey was
created to determine how the connections in the network formed,
developed, and changed from project-to-project. The historical
social network was constructed from three forms of data: inter-
views with the PIs, a historical narrative written by the PIs
describing the team formation process, and team rosters that
listed the 81 team members since the inception of the team.

Retrospective team survey. A retrospective team survey was
administered at the end of the study to determine what skills team
members developed and codified through participating on the
team, how membership on the team supported members per-
sonally and professionally, and their favourite aspects of the team.
The survey was sent to 22 members from the 2018 team roster
using Qualtrics (Qualtrics Labs, 2005) with an 86% response rate.

Interviews. Two semi-structured, one-hour interviews were
conducted with two PIs in 2018 to learn about the history of the
team. The interviews were digitally recorded and transcribed.

Participant observations. Participant observation was conducted
from 2015-2019 at four annual three-day, off-campus retreats
and 1-2 additional meetings each year. Students, PIs, external
collaborators, and families were all invited to attend the retreats
and meetings. Field notes about team interactions were recorded
immediately after each interaction. The analytic field notes cap-
tured how team members interacted across disciplines, tackled
scientific problems, and engaged with others at different career
stages. Analysis occurred as field notes were written, during
observations, and again during data analysis.

Results

An exemplary team. The SciTS Team identified one team from
the larger study and designated it as exemplary based on six (tacit
and non-tacit) elements. First, the team had outstanding team
outcomes. From 2004-2018, notable accomplishments include 33
extramural awards totalling over $5.6 million, including two large
federal awards totalling over $4.5 million; 58 peer-reviewed
publications with 39 different universities, 13 state agencies, and
11 other organisations; 141 presentations, 21 graduate students
and 15 postdocs trained; and receipt of an [BLIND]institution-
wide Interdisciplinary Scholarship Team Award. Participants
received many individual honours, including one of the PIs being
named to the National Academy of Sciences.

Second, this interdisciplinary team combined scientific exper-
tise from many different backgrounds, including ecologists,
wildlife biologists, evolutionary biologists, geneticists, veterinar-
ians, and numerous collaborators. Principal Investigators were
housed in five main universities: Colorado State University,
University of Wyoming, University of Minnesota, University of
California-Davis, and University of Tasmania. They also engaged
collaborators from national and international universities, federal,
state, and local governmental agencies, veterinary centres, and
animal shelters. Collectively, team members represented 39
different universities, 11 federal agencies, 13 state agencies, and
11 other organisations listed on their peer-reviewed publications.
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Timeline of Major Events in Team Development and Formation
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Fig. 1 Timeline of major events in team development and formation. Significant events occurring over 15 years during the development and formation of

an exemplary team.

The team has published globally with co-authors from every
continent but Antarctica.

The third element identified was the team’s 15-year history and
how they evolved project-to-project (Supplementary Video S1).
In 2003, a graduate student proposed a collaborative research
project between two faculty members who became two of the
founding team PIs (Fig. 1). The team was formed in 2004 with
four members—two faculty Pls, a postdoc, and a Ph.D. student
(Fig. 1). Initial grant proposals submitted in 2005 and 2006 were
not funded; however, in 2007, the team received a large federal
research award from the US National Science Foundation (NSF).
The team roster increased from four to nine, and a second large
expansion occurred after receipt of another NSF award in 2012.
By 2014, membership increased to 31 people, and at the end of
analysis in 2018, the roster comprised 43 members. Over the
course of observation, 81 different individuals, including students,
faculty, and collaborators, had participated in research activities
supported by the team.

The fourth reason this team was deemed exemplary was
because it intertwined the components in the Land Grand
mission, including research/discovery, teaching/training, and
extension/engagement (Fig. 2). The team included undergradu-
ates conducting research and presenting at conferences, graduate
students working in multiple labs, and postdocs mentoring all the
researchers in the lab. An external advisor said at the end of a
retreat, “It’s really cool that students are part of the conversations
that are both good/bad/ugly etc. It is not just good. It is not just
one-on-one conversations. They hear it all.” A Ph.D. student
wrote in the Retrospective Survey about the skills he developed: “I
have developed the ability to talk about my research to people
outside my field. I have also worked on broadening my
understanding of disease ecology as a whole. I have been given
the opportunity [to] begin placing my work in the larger
framework of ecosystem health.” Faculty also wrote about what
they learned, “[I] Learned from leadership of team (especially
[blinded], and other PIs) how to develop and conduct research
team work well - am using what I am learning to develop new
research teams.... how to develop and nurture and respect
interpersonal relationships and diversity of opinions. This has
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been an amazing experience, to be part of a well-functioning
team, and to examine why and how that is maintained”

Fifth, the team was effective at onboarding and integrating new
members. To do so, they used two key strategies (Fig. 3). First, 15 of
the students held co-advised graduate research positions. This
shared model of mentorship provided students with opportunities
to work in multiple labs, collaborate with additional team members,
and gain a broader academic experience. A Ph.D. student wrote in
the Retrospective Survey about the skills she learned from being a
member of the team: “Leadership skills, communicating science to
those in other fields, scientific writing skills, technical laboratory
skills, interpersonal communication skills, data sharing experience,
and many others.” The shared model supported the team’s
interdisciplinary mission by providing opportunities to train future
scientists to communicate, network, and conduct research across
disciplines. Second, as team members developed through participa-
tion on the team, they assumed more mature scientific roles.
Fourteen members of the team changed positions within the team.
Many of these transitions were from undergraduate student to Ph.
D. student or Ph.D. student to postdoctoral researcher. In 2012,
one postdoc became a PI on the grant.

Finally, the 2018 team retreat included external reviewers. At
the end of 2018 team retreat, they were asked if they had any
feedback for the team. An external reviewer said: “You can check
all of the boxes of a good team.”; “This is a dream team.”; “I am
really impressed.”. Another external reviewer said:

The ambitiousness to execute the scope of the project, to
have this many PIs, to be able to communicate; the
opportunities for new insights; and the opportunities it
presents for trainees are rare. There are a lot of people
exposed in this. This is a unique experience for someone in
training. And it extends to elementary school. I don’t think
there are many projects that have this type of scope. I was
impressed with just the idea that scientists are taking this
across such a great scope and taking on such great questions.

Scientific productivity network. Prior to 2016, the average
degree of the scientific productivity network was 8.8 (Fig. 4). In
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Continuous Exemplary Team Growth over 15 years
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Fig. 2 Continuous exemplary team growth over 15 years. The team grew from 4 members in 2004 to 42 members in 2018. Much of the growth occurred

by the addition of students and external collaborators.

2016, four faculty nodes were in the core of the network, and the
periphery nodes included graduate students, postdocs, and
external collaborators (Fig. 5). The average degree dropped
slightly to 6.2 when the team integrated new members and re-
formed around new roles and responsibilities on a new grant
(Fig. 4). In 2017, the average degree peaked at 9.7 (Fig. 4) and
faculty were still core, but graduate students and postdocs were
more central than before (Fig. 5). During this time, productivity
was at its highest as team members were working together to
meet the objectives of a 5-year interdisciplinary NSF award. The
network evolved further in 2018; two of the postdoc nodes
overlapped with the faculty nodes in the core of the network (Fig. 5).

Mentoring is integral in the collaborative network. Team
members reported between an average of 2.4-3.1 mentors
(average outdegree) each year on the team (Fig. 6). More speci-
fically, graduate students reported 6.0-7.7 mentors, whereas
postdocs reported 2.4-3.5 mentors (Table 1). Faculty team
members reported having an average of 2.2 to 4.3 mentors on the
team (Table 1), with the highest average outdegree in 2018.

The highest indegree for an individual was the lead PI, with an
indegree ranging from 13 to 14 each year (i.e., each year, 13-14 team
members reported this individual provided mentorship). In response
to an interview question about this PIs favourite part of the team,
this individual said, “...and of course, I really like the mentorship of
the students...They are initially naive, and some people are initially
underconfident, but eventually they become fluent in their subject
area.” Many students wrote about the mentoring they received from
the team. An undergraduate student wrote:

I have improved my communication skills after needing to
collaborate with several mentors across different time
zones. I've also improved willingness to ask questions
when I don’t understand a concept. I've also learned what
concepts I find basic in my field that others outside my
discipline are less familiar with.

Faculty also wrote about the mentoring they received, such as,
“I continually learn from members in the team and mentorship
by the more experienced members has supported my own career
progression.”

Advice is integral in the collaborative network. In the
2015-2017 advice network diagrams, the faculty were tightly
clustered (Fig. 7). In 2018, the cluster separated as postdocs and
graduate students joined the centre of the network. On average,
team members reported 5.1 to 6.4 people they could go to for
advice (Fig. 4).

In a survey, faculty responded to the question, “How has the
team supported you personally and professionally?” One faculty
member wrote: “Just today I asked three members of the team for
professional advice! And got a thoughtful and prompt response
from all.” Another team member wrote: “Being a member of
the...team has allowed me to develop skills in statistical analysis,
scientific writing, and critical thinking. This team has opened my
eyes to what is possible to achieve with science and has provided
me with opportunities to network and expand my horizons both
within the field of study and outside of it.” These quotes further
suggest that the mentoring and advice from a large interdisci-
plinary team were important to train future scientists.

Interpersonal relationships as driver for scientific productivity.
The mentoring and advice networks supported and built on the
scientific productivity network and vice versa. The correlation
between the collaboration, mentoring, and advice networks would
not be possible if the networks were not intertwined. In the ret-
rospective survey, a faculty member described how tacit inter-
personal relationships were correlated with their scientific
productivity:

Being a part of this grant has helped me both personally
and professionally by teaching me new skills (disease
ecology, team dynamics), developing friendships/mentors
from the team, and strengthening my CV and dossier for
promotion to early full professorship.

A Ph.D. student also described how the relationships on the
large team propelled their research.

Membership on this team has provided me with a lot of
mentorship that I would not otherwise receive were I not
working on a large multi-disciplinary for my doctoral
research. It has also allowed me to network more effectively.
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Fig. 3 Team longevity contributes to growth and development of scientists. Social network diagrams of team growth and development from 2004-2018.
This network reports onboarding and integration of all members, including their primary position when they joined the team. The nodes are sized by

average degree (see text). Colours denote different roles on the team.

Between 2015 and 2018, the mentor and advice networks were
significantly correlated with the scientific productivity network,
demonstrating that personal relationships are associated with
scientific collaboration (Table 2).

Discussion

To date, the literature examining successful interdisciplinary
scientific team skills that result in successful outcomes is sparse
(Fiore, 2008; Hall et al., 2018; Wooten et al., 2014). The majority
of published work in this area is evaluated by archival data
analysis, not individual team behaviour and assessment (Hall
et al,, 2018). This study answers the call of numerous researchers
to use mixed-methods and SNA to investigate scientific teams
(Bennett, 2011; Borner et al., 2010; Hall et al., 2018; Woolley et al.,
2010; Wooten et al,, 2015). Our case-based study also increases
understanding of the development and processes of an exemplary
team by providing valuable insights about how the interactions
that enhance scientific productivity are synergistic with the
interactions that train future scientists. There are four major
implications of our findings: (1) interactional and contributory
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expertise are intertwined; (2) team size, tacit knowledge gained
from previous project, and interdisciplinary knowledge were used
to effectively and efficiently train scientists; (3) the team increased
scientific productivity through interpersonal relationships; and
(4) the team fulfilled the land grant mission of the University by
integrating teaching/training, research/discovery, and extension/
engagement into the team’s activities.

Interactive and contributory expertise are intertwined. Pre-
vious literature on scientific teams has found that great teams are
not built on scientific expertise alone, but on the processes and
interactions that build psychological safety, create a shared lan-
guage, engage members emotionally, and promote effective
interactions (Boix Mansilla et al., 2016; Hall et al., 2019; Senge,
1991; Woolley et al., 2010; Zhang et al., 2020). The team high-
lighted in this report created a shared language and vision
through the mentoring and advice networks that helped fuel the
team’s scientific productivity (Hall et al., 2012). To solve complex
problems requires more than contributory expertise, it also
requires interactional expertise (Bammer et al, 2020). These
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Fig. 4 Robust patterns of collaboration over time. Average degree of social networks diagrams (mentoring, advice, scientific productivity) indicated

strong social ties among team members.
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Fig. 5 Over time, junior scientists migrated to be core members of the scientific productivity network. Social network measures of productivity
(research/consulting, grants, publications, and serving on student committees) were recorded over time. Each node represents a person on the team, and
nodes are sized by average degree (see text). Colours denote different roles on the team. The node label indicates the number of years a person has been

part of the team.
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Fig. 6 Mentoring trains future scientists. This diagram was created by using participant answers to the social network question, “who is your mentor?”
Each circle or node represents a person on the team. The nodes are sized by outdegree to show who reported receiving mentorship. Node size indicates
how many mentors an individual reported, and arrows indicate nodes that served as mentors. Colours denote different roles on the team.

forms of expertise are often tacit and internalised through the
process of becoming an expert in a field of study (Collins and
Evans, 2007). Learning-by-doing is augmented from project-to-
project, with expertise codified over time (Bammer et al., 2020).
Further, cognitive, emotional, and interactions are key compo-
nents of successful collaborations (Boix Mansilla et al., 2016;
Bozeman et al, 2013; Zhang et al., 2020). Using social network
analysis, our case-based analysis found that the mentoring and
advice ties were intertwined with the scientific productivity
network.

Training scientists to be experts. The Retrospective Survey asked
what personal and professional skills respondents learned from
being a member of a team. We hypothesised that many respon-
dents would report tangible skills. Surprisingly, 82% of the open-
ended responses were about tacit skills. Students frequently had
co-advised graduate research positions, worked in multiple labs,
and communicated regularly with practitioners. Moreover, the
team translated research to different disciplines within the team,
mentored others, and managed interpersonal conflicts. These
interactions built expertise because training was not limited to
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Table 1 Mentoring network metrics.

Average outdegree

Average indegree

Year N Average degree Graduate students Postdocs Faculty Postdocs Faculty
2015 18 3.1 7.7 35 2.7 2.0 7.2
2016 23 2.4 7.3 2.4 2.2 6.2 6.8
2017 20 3.6 6.0 33 33 2.4 7.2
2018 27 25 6.3 3.0 4.3 2.8 8.2

mentors for others on the team. Average degree is the average of both the outdegree and indegree.

Average outdegree indicates, on average, how many mentors graduate students, postdocs, and faculty have on the team. Average indegree indicates, on average, how many postdocs and faculty serve as

O Faculty 2
© PostDoc I\ \/

O Graduate ‘

O Undergraduate >( T

© Collaborator \\4%;\}/
GO

Prior to 2016

O Other

2016

2017 2018

Fig. 7 Advice network is integral to building expertise. This diagram was created by using participant answers to the social network question, “who do
you go to for advice?” Each circle or node represents a person on the team. The nodes are sized by outdegree to show who reported receiving mentorship.
Node size indicates how many mentors an individual reported, and arrows indicate nodes that served as mentors. Colours denote different roles on

the team.

Table 2 Interpersonal relationships drive scientific
productivity.

Mentor to collaboration Advice to collaboration

Correlation Correlation

(p-value) (p-value)
2015 0.21 (<0.004) 0.29 (<0.001)
2016 0.93 (<0.001) 0.72 (<0.001)
2017 0.59 (<0.001) 0.57 (<0.001)
2018 0.35 (<0.001) 0.35 (<0.001)

The Pearson correlation between the networks quantifies the degree of concordance between
the relationship types (i.e., mentoring, advice, productivity). The Quadratic Assignment
Procedure (QAP) was used to assess the statistical significance of the observed correlations.
The mentoring and advice networks were highly correlated with the scientific productivity
networks for all 4 years, demonstrating association between personal relationships and
scientific collaborations.

research in a single lab or only in an academic setting. Simple,
discrete, and codified knowledge is relatively easy to transfer;
however, teams need stronger relationships to gain complex and
tacit knowledge, (Attewell, 1992; Simonin, 1999). On this team,
interactions and the ability to practice communication were
especially influential for students, junior scientists, and new
members. These individuals provided survey responses reporting
they learned a wide variety of skills ranging from leadership,
scientific and interpersonal communication, networking across
disciplines, scientific writing, laboratory techniques, and data
sharing standards. Further, respondents noted they had gained
experience in developing, nurturing, and respecting interpersonal
relationships and diversity of opinions. This was reinforced with
participant observation data. In other interdisciplinary groups
studied in conjunction with this exemplary team, students were
not typically exposed to the inner workings of the team such as

8

leadership meetings. On this team, students were exposed to all
conversations, which became an important component of the
mentoring and advice structure, serving to train future scientists
in all aspects of team integration and leadership development.
Belonging to this large interdisciplinary team was effectively
training, building, and structuring the team.

Interpersonal relationships increase scientific productivity.
Longevity of relationships is an important factor in creating social
cohesion, reducing uncertainty, and increasing reliability and
reciprocity (Baum et al., 2007; Gulati and Gargiulo, 1999; Phelps
et al., 2012). Previous literature has, however, rarely documented
the importance of time in building the structure of the network
(Phelps et al., 2012) and few longitudinal studies of scientific
teams exist. Further, it has long been hypothesised that greater
interaction among people increases the quality and innovative-
ness of ideas generated, which may in turn increase productivity
(Cimenler et al., 2016). Our case-based study found that the
mentoring and advice ties existed in a symbiotic relationship with
the scientific productivity network where the practices of the team
were simultaneously training scientists. This aligns with social
network literature that interactions can structure the social net-
work and the network structure influences interactions (Henry,
2009; Phelps et al., 2012). Second, intentional mentoring pro-
grammes have demonstrated a positive relationship between
interdisciplinary mentoring and increased research productivity
outcomes such as grant funding and publications (Spence et al,,
2018). Finally, this finding also aligns with literature on the
generation of new knowledge (Phelps et al., 2012). Knowledge
creation has traditionally been framed in terms of individual
creativity, but recent studies have placed more emphasis on how
the contribution of social dynamics are influential in explaining
this process (Boix Mansilla et al., 2016; Csikszentmihalyi, 1998;
Phelps et al., 2012; Sawyer, 2003; Zhang et al., 2009). Thus, while
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we might think that science drives the team, in this case-based
study, the team’s interpersonal relationships were the driver of
the team’s scientific productivity.

Fulfilling the land grant mission. As noted above, this exemplary
team fulfilled all three goals of the land grant mission. First, the
team was training scientists at all levels, from undergraduate stu-
dents, to graduate students, postdocs, new faculty, and external
collaborators, including community partners. In many instances,
the training and mentoring was structured in a vertically integrated
manner. For example, postdocs were training graduate and
undergraduate students, typical of many teams. In addition to the
“top-down” scenarios, however, the team also encouraged training
that went from the bottom up as well. Effectively, this is a hallmark
of successful teams in other sectors such as emergency responders
and elite military teams — whomever has the knowledge to drive
the issue at hand is the effective “leader” in that mission (Kotler
and Wheal, 2008). Second, the team excelled in research and
discovery, partnering with a diversity of external collaborators to
do so. This created a network structure wherein the team clearly
utilised the collaborators for mentoring and advice. Organisations
with a core-periphery network structure like this team have been
reported to be more creative because ties on the periphery, such as
external collaborators, can span boundaries and access diverse
information (Perry-Smith, 2006; Phelps et al., 2012). Finally,
because the team’s collaborators included community partners and
practitioners, they were also influencing policy and practice. This
resulted in an overall greater impact for the team’s science and
allowed them to tailor their research to best meet the needs of
society (Barge and Shockley-Zalabak, 2008).

Future research. This study provides a unique contribution to
team science literature because it longitudinally studied the
development and processes of a successful interdisciplinary team
(Wooten et al., 2014). Future research on the elements of effective
interdisciplinary teaming is required in five key areas. First,
identification of best practices that inhibit or support teams is
necessary (Fiore, 2008; Hall et al.,, 2018; Wooten et al., 2014).
Second, previous research has found that small teams are best at
disrupting science with new ideas and opportunities (Wu et al.,
2019); however, practices large teams use to create new knowl-
edge have been poorly documented. Third, successful training
concepts for graduate students and postdoctoral researchers need
additional consideration (Knowlton et al., 2014; Ryan et al,, 2012;
Sarraj et al., 2017). Fourth, we hypothesise that graduate students
act as bridges in teams to connect scientific disciplines and pre-
vent clustering the network. Future research should investigate
the role of graduate students in creating knowledge through
interdisciplinary teams. Finally, additional research is needed to
better recognise and reward scientists who undertake integration
and implementation (Bammer et al., 2020).

Data availability
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