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Abstract

Transdisciplinary researchers collaborate with diverse partners outside of academia to tackle sustainability problems. The
patterns and practices of social interaction and the contextual nature of transdisciplinary research result in different perfor-
mance expectations than traditional, curiosity-driven research. Documenting patterns of interaction can inform project suc-
cess and affirm progress toward interim outcomes on the way to achieve sustainability impacts. Yet providing credible and
robust indicators of research activity remains challenging. We provide quantitative and qualitative indicators for assessing
transdisciplinary practices and patterns through social network analysis (SNA). Our assessment developed four criteria to
reveal how SNA metrics provide insight into (1) diversity of participants; (2) whether and how integration and collaboration
are occurring, (3) the relative degrees of network stability and fragility, and (4) how the network is structured to achieve
its goals. These four key criteria can be used to help identify patterns of research activity and determine whether interim
progress is occurring.
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Introduction

Identifying patterns of transdisciplinary research
practice

Planetary sustainability rests on the twin conceptual ideals
of remaining within specific environmental boundaries, like
biospheric integrity, climate limits and freshwater use, and
providing social foundations for a safe and just space for
humanity to thrive (Rockstrom et al. 2009; Raworth 2012).
Key approaches to tackling these global sustainability chal-
lenges include interdisciplinarity—a means of knowledge
creation that integrates information, data, methods, perspec-
tives, concepts and/or theories from multiple disciplines
(Kates et al. 2001; National Academies Press 2004) and
transdisciplinarity—involving people outside of academia
to fully understand pressing social, ecological, and economic
problems and co-create feasible solutions (Carew and Wik-
son 2010; Lang et al. 2012; Scholz and Steiner 2015).

Scholars who pursue transdisciplinary work face chal-
lenges in demonstrating evidence of research productivity
and practice that differ from traditional practices of science.
Significant social capital often needs to be invested in build-
ing project teams and relationships with communities to
carry out collaborative research (Stokols et al. 2008). When
compared to traditional, curiosity-driven science projects,
publication outputs in the early stages of highly collaborative
work have been found to lag behind, which can pose a risk
especially to early career scientists (Hall et al. 2012; Fischer
et al. 2012) based on conventional academic models.

In this article, we demonstrate how social network anal-
ysis (SNA) can be used to provide empirical insight into
the detection of patterns and practices associated with

Ron and Jan Graham School of Professional Development,
College of Engineering and School of Environment

and Sustainability, University of Saskatchewan, 2A20
Engineering Building; 57 Campus Drive, Saskatoon,

SK 27N 5A9, Canada

School of Environment and Sustainability, University
of Saskatchewan, 117 Science Place, Saskatoon,
SK S7N 5C8, Canada

School of Environment and Sustainability, University
of Saskatchewan, Room 323, Kirk Hall, 117 Science Place,
Saskatoon, SK S7N 5C8, Canada

Department of Environment and Natural Resources,
Government of the Northwest Territories, 5102 50th Ave,
P.O. Box 1320, Yellowknife, NT X1A 3S8, Canada

School of Environment and Sustainability, University
of Saskatchewan, Toxicology Centre, Room 215, 44 Campus
Drive, Saskatoon, SK S7TN 5B3, Canada

Department of Art and Art History, University
of Saskatchewan, 3 Campus Dr, Saskatoon, SK S7TN 5A4,
Canada

@ Springer

transdisciplinarity. In many respects, a transdisciplinary
project is an exercise in creating new knowledge through
co-production. It can also be conceived as a network com-
prised of a variety of actors of different types—community
members, industry, government representatives, academic
researchers, students, non-profit organizations and so on.
Each brings their own values, views, experiences and knowl-
edge to bear on framing, designing and implementing the
project. As such, a variety of network tools and measures
can be used to evaluate social structure and the knowl-
edge exchange patterns supported by those structures. Key
SNA metrics can provide insight into who is participating,
whether and how integration and collaboration are occur-
ring, the relative degrees of network stability and fragility,
and how the network is structured to achieve its goals. In this
article, we illustrate how SNA was used with the example
of the Delta Dialogue Network (DDN)—a multi-year trans-
disciplinary project that involved work with Indigenous and
non-Indigenous communities from three inland deltas across
Canada to promote knowledge co-production and address
regional-scale sustainability problems.

Defining, evaluating and detecting transdisciplinary
knowledge patterns

Transdisciplinarity has several working definitions; we
define transdisciplinarity as a partnership among partici-
pants within and outside the academy—one that moves
beyond academic walls and disciplines to work with those
most affected by the problems that will be addressed (Defila
and DiGiulio 1999; Wickson et al. 2006; Lang et al. 2012;
Scholz and Steiner 2015; Belcher et al. 2016). There are
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Table 1 Transdisciplinary social network criteria

Criterion Social network indicator

Indicator definition

Diversity Network size

Network composition

Integration and collaboration Network density

Average path length

Network diameter

Network clustering coefficient

Homophily

Network density by group

Stability Freeman degree centrality

Freeman betweenness centrality

Cut-off points

Triad census
Efficiency and power sharing Centralization

Core-periphery structure

Degree assortativity

Number of nodes in the network
Number of nodes in distinct groups defined by affiliation

Proportion of number of ties present in the network, divided by the number of
all ties possible in that particular network

Sum of shortest paths between all nodes divided by the number of all possible
paths. A path is a sequence of distinct nodes directly connected via distinct
edges

Path length between the two most distant nodes in a network, which represents
the longest path length in the network

Degree to which nodes cluster, calculated by dividing the number of closed
triads to the number of all triads. Closed triads contain three nodes that are all
connected

Tendency of nodes to associate with similar others. Calculated using Yule’s
Q, a measure of association that indicates strength of association between
categorical variables) (Borgatti et al. 2013)

Used to calculate ties within and between affiliation groups, calculated similarly
to network density

Measure of local centrality calculated as sum of a node’s direct ties (Scott 2017)

Measures the degree to which a node falls on the geodesic path between other
pairs of nodes (Freeman 1979). Geodesic path is the shortest path between
two nodes

Nodes that can disconnect a network if removed from it

Triads are subgraphs created by three nodes, which in an undirected binary
network are called triplets. Triplets are transitive if all nodes connect to each
other—closed triangle

Network level indicator, measuring degree to which its most central node is in
relation to how central other nodes are. A star graph, with all nodes connect-
ing to one focal node, is the example of a network that is 100% centralized

Calculated using the categorical technique, to identify which nodes were part of
the core of the network and which belonged to the periphery (Borgatti et al.
2013)

Refers to the tendency of nodes with high degree centrality scores to form ties

to others with high degree, and similarly for nodes with low degree centrality
scores

three key distinguishing characteristics of transdisciplinary
research relative to more conventional disciplinary science
and these include: (1) collaborative problem identification
because those affected by the problem and the disciplines
needed to understand the problem are all involved in the
problem definition; (2) an explicit normative focus as solu-
tion oriented work, which inherently involves the identifica-
tion of preferred values; and (3) the promise of increased
saliency, legitimacy, credibility and effectiveness of pro-
posed solutions (Carew and Wickson 2010; Lang et al. 2012;
Belcher et al. 2016).

The challenges of transdisciplinary work lie in respect-
ing, balancing, bridging, reconciling and/or sometimes inte-
grating differing knowledge systems, values and processes
among disciplines and with partner communities, which
translate into potentially differing assumptions about what
constitutes effective interaction and credible knowledge gen-
eration (Wickson et al. 2006; Carew and Wickson 2010;

Edelenbos et al. 2011; Belcher et al. 2016; Steelman et al.
2015). This would entail a network of actors who combines
learning and doing, as well as creating original knowledge-
based products and outcomes in appropriate formats (Tengo
et al. 2014). Hallmarks of this new type of knowledge co-
production pattern would include indicators of collaboration
and integration among disciplines and beyond disciplines,
a more “democratic research practice” as well as evidence
of shared decision-making related to problem definition and
solutions (Lang et al. 2012; Belcher et al. 2016; Steelman
et al. 2015).

An additional challenge for transdisciplinary practice is
the lack of quality assessment criteria (Durose et al. 2018;
Belcher et al. 2016). While more conventional disciplinary
research has evolved relatively clear expectations for what
constitutes quality (e.g. peer review processes, publication
productivity, citations, journal impact factors), equivalent
criteria, metrics, processes and other sources of evaluation

@ Springer
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are less agreed upon when it comes to transdisciplinary
research (Belcher et al. 2016; Ascher et al. 2010). A signifi-
cant challenge for transdisciplinary research is its inclusion
of partners outside of the academy and how their involve-
ment, expectations and contributions can be appropriately
measured and evaluated (Belcher et al. 2016). This includes
the creation of processes and outputs that are most relevant
to non-academic partners, which typically move beyond peer
reviewed publications and conference presentations.

To date, there is little consensus on how transdisciplinary
processes and outcomes should be evaluated (Wickson et al.
2006; Klein 2008; Brandt et al. 2013; Durose et al. 2018).
Several approaches have been recommended, yet their units
of analysis for comparability differ. For instance, Wickson
et al. (2006) suggest introspective criteria for individuals
within a project while also providing a quality framework to
allow comparability across projects. Others identify criteria
such as relevance, credibility, legitimacy and effectiveness,
which can be applied throughout the research process to the
final outcome, so that transdisciplinary contributions can be
assessed (Belcher et al. 2016). These criteria also suggest
that the unit of analysis is the project. The checklists (Defila
and Di Giulio 1999) and survey instruments (Masse et al.
2008) derived from specific projects identify both process
and outcome criteria, suggesting the focus is on both indi-
viduals and groups within a project. Others have devised
quantitative measures such as author credit algorithms (Xu
et al. 2015) for assessing contributions to complex projects,
targeting an analysis of individuals.

An additional, yet underexplored approach to evaluating
transdisciplinarity work is through the lens of social net-
works. We focus on SNA because it allows researchers to
measure and, in some cases, visually represent individual,
group, or organizational relationships, relational struc-
ture, and their patterns. While analyzing social networks
has helped provide insight into a variety of environmen-
tal and natural resource-based problems (Bodin and Crona
2009; Bodin 2017), it has been under-utilized to understand
transdisciplinary research. Since transdisciplinarity seeks
to engage multiple partners to inform problems, co-create
solutions, and diffuse new knowledge more effectively, SNA
is well suited to capture some of the dynamics of research
with communities outside of academia (Brandt et al. 2013).
Hence, understanding social networks may help us assess the
roles of individuals and groups as well as their patterns of
interaction in a transdisciplinary research initiative. In doing
so, these performance metrics can help begin to provide

I Time constraints limit the number of contacts and, therefore, the
density of the network. In 1976, Mayhew and Levinger used models
of random choice to show that the maximum value for density that is
likely to be found in real human networks is 0.5 (Scott 2017).

@ Springer

norms for what constitutes “success” in transdisciplinary
research.

Social network indicators for identifying
transdisciplinary research patterns

Our proposed approach focused on elements of structural
functionality that we would expect to see in a viable trans-
disciplinary network. Four key characteristics are derived
from the literature. These include evidence of: (1) diver-
sity; (2) collaboration and integration; (3) network stability;
and (4) a balance between efficiency and power sharing, as
detailed in Table 1.

In thinking about transdisciplinary research in the context
of the DDN, we would first want to consider the diversity of
the network in terms of number of members—network size,
and members’ affiliation (i.e. academic, non-academic)—as
part of the network composition. We see diversity as a neces-
sary, but insufficient condition for enabling collaborations in
a transdisciplinary research setting.

Second, we would want to see evidence of integration and
collaboration (Carew and Wickson 2010; Reed et al. 2010;
Edelenbos et al. 2011) that could help enhance communica-
tion and overcome the significant barriers to transdiscipli-
nary practice. There is no clear-cut value or unique measure
that indicates if a network is integrative or collaborative.
However, identifying and comparing a variety of indicators
provides evidence about relative levels of integration and
collaboration. For this we would want to consider the cohe-
sion of the network in terms of density, average path length,
diameter and network clustering (Prell 2012).

Density is a measure of cohesion, calculated as the pro-
portion of all possible ties that are present within a network.
Density measures the degree to which members of a network
create ties between each other. The degree to which actors
are connected to each other or how inclusive the network
can inform about the extent and speed at which informa-
tion or other resources can spread among members, and the
extent to which individuals have high levels of social capital
or social constraint (Durkheim 1964; Coleman 1988; Scott
2017). Density scores range from 0 to 1,' where 0 indicates
that the network is fully disconnected, and a score of 1 indi-
cates that all actors are connected directly to each other.
Density should make comparison across groups of differ-
ent sizes possible, since it accounts for network size. How-
ever, caution needs to be used when comparing networks
with large differences in size (Prell 2012; Scott 2017). This
is because densities are always lower in larger networks,
since it becomes increasingly hard for individuals to con-
nect as the network size increases. The negative associa-
tion between network size and density measures needs to be
taken into consideration when trying to understand network
connectedness.
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The average number of connections each collaborator
has is typically measured. However, a more robust way of
understanding the connections within a network is to use the
median and the interquartile range (IQR), since the distribu-
tion of ties an individual has is typically not normal. Since
cohesion is relative to network size, we also use average path
length and diameter to understand a network’s cohesion. The
diameter of a network represents the longest path in the net-
work, which connects the two most distant members. The
smaller the values for these indicators, the closer or the more
socially proximal members of the network are, hence the
more cohesive the network as a whole (Prell 2012).

Another indicator of cohesion is clustering. A social net-
work characterized by high levels of clustering when com-
pared to a random network, and with relatively short paths
between individuals, can be considered a “small world”
(Travers and Milgram 1967; Watts and Strogatz 1998; Bor-
gatti et al. 2013) which provides an enhanced opportunity
for information or innovations to spread faster among the
members of the network (Fleming and Waguespack 2007;
Klenk et al. 2010). Carrington et al. (2005) uses the cluster-
ing coefficient as a measure of decision-making collabo-
ration in groups. Collaborative groups were found to have
higher clustering coefficients (Carrington et al. 2005). The
overall network clustering coefficient represents the degree
to which members of a network form tight groups, which are
characterized by high density of interactions (Borgatti et al.
2013). Two other metrics can be used to assess cohesion.
These include homophily and network density by group.
Homophily measures the extent to which network members
collaborate with the same others, and network density by
group provides information about the extent to which mem-
bers interact within their respective groups of or outside of
them.

Third, we would want to see a stable network. This would
entail observing multiple individuals with high centrality
scores. This could indicate that the network is not fragile or
dependent on one or two key individuals. We would want
to see evidence of boundary spanners (Edelenbos and van
Meerkerk 2015) playing a role in building connective capac-
ity across the network to facilitate learning. Consequently,
we would look for cut-off points occupied by key bridging
actors who exhibit high betweenness centrality. This would
indicate the network is at risk if something happened to
these individuals. We would look for clustering indicators
that convey the relative stability of the network in terms of
connection (Hanneman and Riddle 2011). Betweenness cen-
trality is a network indicator developed by Freeman (1979)
that measures the frequency with which an individual is
positioned along the shortest path between two other indi-
viduals in the network (Borgatti et al. 2013).

Finally, we would want to see a network structure that
represented the need to balance power and decision sharing

with efficiency. To avoid power asymmetries (Tengo et al.
2014), we would want to see a relatively decentralized
network structure or a horizontal network as opposed to a
hierarchical or highly centralized network. But we would
also want to see some level of centralization to maintain
an ability to function. Someone needs to lead the network
and provide direction. Degree centralization can provide
an indicator of the relative level of hierarchy and whether
collaborators are more vertically or horizontally interacting
within the network. Indicators of whether the network is
dense or closed versus highly centralized provide insight
about the relative efficiency of network structure as well as
where power is distributed. Networks that have high cen-
tralization scores tend to have clear separation between the
core and periphery. In their research focused on the social
network of researchers on the Amundsen—Scott South Pole
Station, Johnson et al. (2003) found that a core-periphery
structure supported a better functioning of the group and
enhanced consensus among team members. A network with
a core-periphery structure has core members connected to
each other and members located in the periphery of the net-
work connected only to individuals located within the core
(Borgatti et al. 2013).

In the context of transdisciplinary, problem-based
research, a number of recent analyses of network struc-
tures support the assertion that there is an emergent spec-
trum of relational patterns that are influenced by factors
including the phase of development of the research fields’
involved, inclusion of social scientists, maturation of the
field, international campaigns such as UN thematic years,
institutionalization of the network, the activities of found-
ing members, and of key individuals in the network. Three
phases have been identified in the establishment of social
networks: exploratory, establishment, and development.
Using co-authorship, collaborative work, and relationship
data, Stewart et al. (2017) found that across the three phases
of a research network on polar tourism, the network changed
from a small, highly fragmented structure (122 researchers,
44 ties) to one double the size (279, 194). Over this time,
the network exhibited decreasing density (0.006—0.005),
with the exception of a small centralized five-member prin-
cipal component (with betweenness centrality scores of
181.699-486.367). They concluded that collaboration was
only moderately increased even though network membership
had doubled, and that top contributors focused on recurring
collaborations instead of expanding into new partnerships.
In their analysis of the publications of polar bear research-
ers and partners over a 40-year period, Egunyu et al. (2018)
demonstrated that among the 245 social and natural scien-
tists, 10 researchers (7 natural, 3 social scientists) were vital
to the non-fragmentation of the network (i.e., they are cut-
off points). The network density was 0.021, and between-
ness centrality scores of the 10 cut-off points ranged from

@ Springer
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Fig. 1 Three Canadian inland
deltas within the western Cana-
dian provinces and territories
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1029.893 to 17,799.443. Factions in the network were not
discipline-based; instead, recurring collaborations among
small groups containing both social and natural scientists
occurred as in the polar tourism network. Finally, Hauck
et al. (2016) used participatory network analysis among
72 stakeholders in agricultural biodiversity and land-use
governance at local and regional scales in Germany. They
concluded that institutionalization of ties (through money
transfer, dependency, or regulating/policing an actor’s work)
provided stability to network members. They also found that
local actors (i.e. farmers) had higher betweenness scores and
greater influence on all the network members as a whole.
These relational patterns can be invoked by the researchers
engaged in the work to demonstrate progress in long-term
transdisciplinary sustainability science projects. These indi-
cators can act as alternative metrics ahead of publication or
other more conventional outputs to demonstrate the devel-
opment of a robust network as the precursor to achieving
additional transdisciplinary sustainability science goals.

Materials and methods
The unit of analysis for this research is the network of multi-
ple actors involved in various projects taking place in Cana-

dian inland deltas, which were part of the DDN. The DDN
was established in 2014 to complement on-going research

@ Springer

in three inland deltas across Canada. Beginning in 2011,
researchers at the University of Saskatchewan engaged in
research with Indigenous and non-Indigenous communities
and partners in inland deltas, including the Peace-Athabasca
Delta in northern Alberta, Slave River and Slave River Delta
in the Northwest Territories and Saskatchewan River Delta
on the Saskatchewan and Manitoba border (Fig. 1). This
work built on existing partnerships in these deltas includ-
ing: (1) the Slave River and Delta Partnership (SRDP), a
collaborative research and monitoring network made up
of indigenous, territorial and federal government partners
and northern academic institutions focused on answering
key community-driven questions about the health of the
Slave River and Delta (NWT Water Stewardship); (2) the
Peace-Athabasca Delta Ecological Monitoring Program
(PADEMP) in the Peace-Athabasca Delta Region, a col-
laborative research and monitoring group comprised of
Indigenous, territorial and federal government partners and
non-government organizations, undertaking work on the
Peace-Athabasca Delta (Peace-Athabasca Delta Ecological
Monitoring Program); and (3) work by unaffiliated individu-
als in Cumberland House, Saskatchewan. Upstream devel-
opment, including mining and agricultural activity, climate
change and dams have cumulatively affected the predomi-
nantly indigenous communities who live in the deltas and
continue to derive their livelihoods from the land. Numerous
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Fig.2 a Delta dialogue network in 2014. b Delta dialogue network in 2017

projects, some initiated as early as 2011 and before DDN
was established, had been taking place in each delta.

In 2014, the DDN was established to intentionally
bridge across the three inland deltas and their communi-
ties, building off existing partnerships and research ini-
tiatives in each delta. In 2011, researchers and govern-
ment representatives began to engage with communities
in the Slave River and Delta in the Northwest Territories,
as well as the Peace Athabasca Delta in Alberta to build
partnerships as precursors to work with the people in
these regions on projects related to river and fish health.
In 2012, community outreach to fishermen, trappers and
outfitters began in the Saskatchewan River Delta in Sas-
katchewan, while work in the Slave River and Delta and
Peace Athabasca Delta continued. The proposal for the
DDN emerged in 2013 as a means to connect these exist-
ing, but independent, efforts and catalyze new projects
across the three deltas. Ultimately funded in 2014, the
DDN sought ways to bring the individuals involved in the
multiple and continually developing and evolving projects.
DDN had its own management group made up of com-
munity representatives from the three deltas who oversaw
the work as well as a research advisory group comprised
of researchers and community representatives. The DDN
consisted of Indigenous government representatives, com-
munity members, the existing groups who provided insight
into research needs and protocols in their delta and guided
development of knowledge mobilization products and a
team of interdisciplinary scholars including faculty and
students, federal and territorial government staff. Four new
research projects were initiated across the three deltas and

efforts were started to build or strengthen existing collabo-
rations with community members and researchers across
the deltas. These projects included (1) efforts to docu-
ment diverse perceptions of losses and gains from dam
construction in the Saskatchewan River Delta; (2) the
documentation of intergenerational perspectives, includ-
ing Indigenous youth and elders, to identify more robust
paths to socio-ecological resilience in the Saskatchewan
River Delta; (3) understanding the barriers and opportuni-
ties to more effective knowledge-sharing strategies in the
Slave River and Delta; and (4) the barriers and drivers that
influenced the adoption of Aboriginal Navigation Flows
in the Peace Athabasca Delta. During this same time, the
other projects that had been initiated prior to DDN contin-
ued, and in some cases, new projects were also developed.

Data were collected from 16 key academic research-
ers, who were involved in the DDN. In an effort to capture
the totality of the research happening in the deltas, each
academic researcher was asked to record all collaborators
and key outputs from the work in which they were involved
between 2011 and 2017. Researchers were asked to recall
these activities, and these data were triangulated with
records of the activities that were kept as part of project
management. Key items of outputs included conventional
academic products (e.g. theses/dissertations, academic
papers/articles, solo art exhibits, conference presentations,
reports), as well as more explicitly transdisciplinary prod-
ucts (e.g. community presentations, community meetings,
community engaged artistic exhibits, field visits, web pages,
blogs, videos), management meetings and media hits. The
types of output together with dates and locations of each
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Table 2 Integration and collaboration measurements for 2014 and 2017 networks

2014 Network (n=63)

2017 Network (n=218)

Cohesion

Density 13.50%
Average connection 8.38 (5.82)
Median connection 7 (IQR=11-5)

Average path length 1.96

Diameter 4

Clustering coefficient 0.57

Homophily
Academics and non-academics Yule’s Q=0.52

r=0.18, p value <0.01

Students, faculty, community members Yule’s 0 0.48

and other organizations r=0.18, p value <0.01
Network density by group

Academics 0.23 (312 ties)

group average degree centrality score= 10

Non-academics 0.12 (78 ties)

group average degree centrality score=6

19.90%
43.28 (42.31)
14 (IQR =89-7)

2.3

3

0.84

Yule’s Q=0.20
r=0.08, p value <0.01
Yule’s 0=0.42

r=0.17, p value <0.01

0.14 (1470 ties)
group average degree centrality score =34

0.30 (4010 ties)
group average degree centrality score =52

activity were also identified. These data constituted the basis
of developing the analytical network of interactions.

The analytical networks underpinning the analysis,
were formed initially by linking DDN members to out-
puts or activities they participated in, as reported by aca-
demic researchers. An individual-event network is called
an affiliation or a two-mode network. The DDN affilia-
tion network of researchers connected to events was then
transformed into a co-affiliation network—collaborator
to collaborator, or a one-mode network. In the co-affil-
iation network, a node represents collaborators and the
edges represent ties between collaborators—an edge or
tie between two individuals indicates that the two were
co-involved in at least one research output. This transfor-
mation was done using UCINET’s routine “Affiliations (2
mode to 1 mode)”, in which the minimums method was
selected (Borgatti et al. 2013). The analysis focuses on the
DDN network, which is analyzed at two distinct points
in time. The 2014 network consists of all DDN members
active at that time in the network (N=63), whereas the
2017 network represents the DDN three years later, when
it comprised of 218 members.

Valued datasets, including the strength of ties were
used for the calculation of individuals’ centrality scores,
core/periphery estimations, and clustering coefficients.
These valued data were transformed into binary data-
sets for the calculation of centrality scores, centraliza-
tion, density, average path, and diameter. Connections
between any two actors can be characterized as valued, if
the frequency or strength of interaction between the two
individuals is measured or accounted for. Connections are
referred to as binary, if a link exists between two actors.
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Results
Evidence of diversity

In 2014, the DDN had 63 members—8% students, 40%
faculty, 35% community members and 17% other organi-
zations (including territorial and federal governments),
co-producing 50 research outputs. By 2017 the DDN had
reached a size of 218 members—15% students, 19% fac-
ulty, 41% community members, 1% management staff, and
24% other organizations, with over 300 research outputs
produced (Fig. 2a, b). These results suggest that DDN
maintained its diversity and saw a rebalancing of propor-
tional representation over time.

Evidence of integration and collaboration

To assess integration and collaboration, we examined the
overall cohesion of the network. In 2014, the DDN was a
sparse network, with approximately 13% of ties present
in the network among its 63 collaborators (see Table 2).
However, the network had areas of low and high density,
as indicated by the overall clustering coefficient (57%).
This meant that collaborators were active in relatively
dense “local” neighborhoods. On average, each collabo-
rator had eight connections (SD =5.82), to seven other
members (IQR =11-5), if we look at the median num-
ber of connections for each DDN member. In this early
stage of the network’s development, collaborators were
“close” to one another, as indicated by the short average
path length of 1.96. In 2014, DDN members were at a
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Table 3 Network stability measurements for 2014 and 2017 Networks

Stability 2014

2017

Freeman degree centrality (collaborators with high num-
ber of ties)

Cut-off points (removal of these collaborators disinte- 201, 205

grates the DDN network)

Betweenness centrality (collaborators who are important
in bridging the network)

Triad census

201, 205, 206, 215, 218,
200, 207, 630, 202, 304

205, 201, 206, 630, 228

2.2% transitive triplets

201, 205, 207, 206, 131, 304, 202, 228, 200, 203, 400,
101, 630, 232, 233, 234, 354, 356

202, 205, 228, 400, 630

But some of these are mitigated against due to structural
equivalencies elsewhere in the network

201, 205, 207, 206, 630, 228, 131, 304, 202, 400, 203,
232,234,200, 101

11.41% transitive triplets

social distance of two degrees of separation, meaning that
any member was only two steps removed from any other
member in the network.

By 2017, the DDN had changed, with approximately 20%
of ties present in the network among its 218 collaborators.
However, the network increased in clumpiness, as indicated
by the overall clustering coefficient. This meant that collabo-
rators were active in highly dense local neighborhoods. On
average, each collaborator had 43 connections (SD=42.31)
and was connected to 14 other members (IQR =89-7), as
indicated by the median.

Over time, the DDN evolved into a network character-
ized as a “small-world” with a high clustering coefficient
and short distances between collaborators. The change in
clustering coefficient indicated how much an individual’s
collaborators were likely to collaborate with each other, and
it represented the extent to which two collaborators co-par-
ticipated in research outputs. The network was integrated,
in the sense that all members were connected in one large
component. The DDN in 2017 had a high overall weighted
clustering coefficient of 0.84, compared to 0.57 in 2014. The
clustering coefficient suggests that collaboration across the
network increased over time.

Throughout the years, collaborators were less inclined
to form connections only within their respective groups—
academic and non-academic. While in 2014, there was
more of a tendency for people to interact within their own
group (Yule’s Q=0.52), this tendency diminished in 2017
(Yule’s 0=0.20). This was further tested using the follow-
ing homophily hypothesis: the group a collaborator belongs
to—academic or non-academic-affects who interacts with
whom in the DDN. Results showed a very weak correlation
of 0.08 (p value <0.01), which did not indicate support for
the homophily hypothesis. This is indicative of a relative
level of balance among in-group and out-group ties for aca-
demic and non-academic participants. This is desirable from
the standpoint that a transdisciplinary project would want to
promote collaboration among respective groups over time.

When evaluating interactions between students, faculty,
community members and other organizations, we noted sim-
ilar trends in the homophily indicator (Yule’s Qyy;4=0.48

and Yule’s 0,7, =0.42). We statistically tested the homo-
phily hypothesis: the group a collaborator belongs to—stu-
dent, faculty, community member, management and other
organization—affects who interacts with whom in the DDN.
Results showed a weak correlation of 0.17 (p value < 0.01),
which did not indicate support for the homophily hypothesis.
These findings suggest there were tendencies for people sim-
ilar to each other to affiliate in the earlier days of the DDN,
but this tendency diminished over time. In the latter years of
the DDN, members moved outside of their respective groups
(students, faculty, community and other organizations) for
collaborations. This is a desirable outcome from a transdis-
ciplinary standpoint because we would want to see mixing
among different groups of participants.

When investigating network density by group, we
hypothesized that non-academic members were less likely
to engage in collaborations, than were academic members.
Network density by group revealed that density scores were
actually higher for non-academics than the academic col-
laborators. The network density scores among academic
collaborators was 0.14 (1470 ties), while for non-academic
collaborators it was 0.30 (4010 ties). This suggests there was
more interaction within the non-academic collaborators in
outputs than within the academic collaborators.

The level of engagement of any collaborator within the
network can be assessed using degree centrality. This indica-
tor represents the number of ties an individual has. To eval-
uate whether academic and non-academic members were
engaged or active to differing degrees, we used a two-sample
t test.> We specifically assessed if the mean degree central-
ity of non-academic collaborators was lower than that of
academic collaborators. The difference between groups was
found to be statistically significant (p value <0.01); however,
the non-academic group was the one that engaged most out
of the two groups, with an average degree of approximately

2 The standard 7 test used to compare the means of two groups uses
a permutation test to generate the significance level so that standard
assumptions of independence and random sampling are not required
(10,000 permutations were used).
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Degree

Total Degree Centrality

Fig.3 Total Freeman Degree Centrality Scores of Collaborators in DDN 2014 (left) and 2017 (right)

52, compared to 34 for academic collaborators. One explana-
tion for this was that the DDN placed greater emphasis on
the non-academic outputs rather than academic publications
in the early stage of its existence. This encouraged greater
interaction among non-academics. In many respects, this
is a desirable outcome, because it demonstrates a priority
on community and other organizational outputs. This also
provides an ethically justifiable rationale for not prioritizing
academic publications. In all likelihood, if we were to repeat
this exercise in the future, there would be more academic
publications and interaction, which would shift the scores
and the implications for the hypothesis.

Evidence of network stability

Findings indicate that in 2017 the DDN was a relatively sta-
ble network with some potential weaknesses (Table 3). For
stability, a large network of collaborators is likely to require
multiple leaders. There are various typologies of leaders in
networks, however for the DDN, brokers were important in
determining the flow of information. Their main function
was to facilitate knowledge mobilization across the network.
To attain network stability, it is preferable that distinct typol-
ogies of individuals are present. In 2017, the DDN had sev-
eral members who had high betweenness centrality scores
including members coded as 201, 205, 207, 206, 131, 304,
202, 228, 200, 203, 400, 101, 630, 232, 233, 234, 354, and
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356. These were the primary individuals who made connec-
tions across the network. The stability of the network would
be at risk if these individuals left.

To assess for vulnerabilities or instability in the network,
we looked for cut-off points, i.e.: points where, if these col-
laborators decided to leave the DDN, it would cause a dis-
integration of the network into multiple disconnected sub-
groups. Referring to Table 3, members coded as 202, 205,
228, 400, 630 were identified as cut-off points in the DDN
in 2017. We also looked to vulnerabilities in brokers with
similar structural equivalents, which could mitigate these
potential risks. Potential risks are present and could be miti-
gated to some degree by the presence of other collaborators
in the network with similar roles.

Brokers and cut-off points who have redundant structural
equivalences can protect against the departure of another

Table 4 Efficiency and power sharing measurements for 2014 and
2017 networks

Efficiency and power sharing 2014 2017
Degree centralization 41.01% 54.28%
Core-periphery indicators 8 (5F, 30G) 13 (2S, 9F,
IMS,
10G)
Degree assortative mixing —0.05 0.10

S students, F' faculty, MS management staff, OG other organizations
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participant with similar ties. Two members are considered to
be structurally equivalent if they have similar relationships to
other members. We calculated the structural equivalents for
all cut-off points and key brokers. We noted that there were
certain key individuals who acted as equivalents for each
other. For example, 202’s equivalents are 400, 131, 207 and
630; however, these members were themselves either cut-
off points or important brokers. However, this vulnerability
was diminished by other members, which could potentially
mirror this members’ function in the network and include:
204, 200, 234, and 305. The structural equivalence analysis
suggests that the network was relatively stable, given that
there were some redundancies that protected against vulner-
abilities of key members departing.

In the early stages of the DDN formation, the most influ-
ential collaborators were faculty members (205, 201, 206,
207, 218) or members of an organization (630), as indicated
in Fig. 3. In 2017, influential individuals included students,
members of other organizations and community partners
(201, 207, 202, 205, 200, 203, 101, 131, 630, 400, 206, and
228). In the DDN, there were approximately 30 collaborators
with high scores of betweenness centrality (ranging from
5.56 t042.62 in 2014 and 1.77 to 16.52 in 2017). This illus-
trates that the DDN relied on multiple individuals, who were
also representative of different groups (6 students, 12 faculty
members, | management staff, 7 community members and 4
collaborators from other organizations). This demonstrates
that the network grew in stability over time as it diversified
the participants who were viewed as most influential.

Evidence of efficiency and power sharing

In 2017, the DDN could be characterized as a moderately
hierarchical structure, where collaborators interacted verti-
cally in the network, with many individuals connecting to
the same few others. As indicated in Table 4, degree cen-
tralization was 54%. This can be compared to the DDN in
2014, when degree centralization was 41% and the DDN
was less hierarchical. At that time, DDN was a more sparse
and clustered structure. Overall, the DDN could be char-
acterized as having a core-periphery structure (r=0.78).
Values approaching 1.0 are more hierarchical. Ideally, we
would like to see a mixture of collaborators in the core with
representation from all areas to illustrate the potential for
power sharing. We see this in 2017 compared to 2014. Based
on this dichotomous core-periphery model, 13 collabora-
tors were identified in the core out of 218 collaborators and
we saw a mixture of academics and other organizations. In
2014, the DDN did not fit as well the core-periphery model
structure (r=0.56). The core’s composition in 2014 was
mostly composed of faculty members (5) and few collabo-
rators from other organizations (3). These findings suggest
that the structure along with the composition of the core

indicates a model for power sharing. The model does lean
toward greater hierarchy and this suggests a vulnerability
toward a concentration of power.

The degree assortativity coefficient provides information
regarding the extent to which highly engaged collaborators
form ties with other highly engaged members of the network.
The degree of engagement was calculated using degree cen-
trality scores. The coefficient values ranged between -1 and
1. Positive values indicate that individuals with high degree
centrality scores interact with each other; negative values
indicate that individuals with high degree centrality scores
interact with individuals with lower degree centrality scores
(Newman 2010). In core-periphery structures, we expect to
see assortative mixing by degree among collaborators (New-
man 2010). In 2014, there was no evidence of strong patterns
in terms of degree mixing, as indicated by the coefficient’s
value of -0.05. With time, the DDN shifted towards an
increase in highly engaged collaborators mixing with others
like them, however, even in 2017 the correlation remained
weak (r=0.10). Again, we see evidence of mixing among
participants and a structure that reinforces that mixing.

Discussion and conclusions

Transdisciplinary work is characterized by collaboration
with diverse partners who possess varied knowledge sys-
tems and epistemologies. A premium is placed on com-
munication and coordination of effort that seeks to address
traditional power imbalances between academic researchers
and research partners (Kates et al. 2001; Crona and Parker
2012). Transdisciplinary sustainability scientists are also
often focused on how to co-create usable knowledge in part-
nership with the communities with whom we work. This
action imperative is often lacking in more traditional disci-
plinary academic work, which is characterized by different
patterns of norms, rules, behaviors, and cultural practices
that are driven by incentives to publish in venues among peer
experts and enhance prestige indicators among peer groups
and societies. Accordingly, those patterns for transdiscipli-
nary scholars are likely to be different from those engaging
in traditional disciplinary, multidisciplinary or even inter-
disciplinary research. But we do not have good methods
or metrics to help make the case for evidence of research
productivity in these emerging fields (Durose et al. 2018).
Our analysis revealed that the DDN did well on diversity
indicators and evidence of integration and collaboration.
Indicators for network stability and efficient power shar-
ing suggest these are areas for continued attention. In our
case study, diversity in the network grew over time with 63
members and 50 research products in 2014-218 members
with 312 research products in 2017. In comparison to other
transdisciplinary networks evaluated using peer-reviewed
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authorship and citation counts (Stewart et al. 2017; Dahl-
ander and McFarland 2013), the DDN showed rapid move-
ment through phases of exploration, establishment via col-
laboration and output creation.

The network became more integrated over time. In 2014,
the network was sparse with areas of high and low density.
By 2017, the network had more areas of higher density with
integration demonstrated through great connectivity among
members. In contrast, polar tourism and polar bear research
networks were characterized by low or decreasing density.
Further evidence suggested that DDN partners were partici-
pating outside their own groups.

While the network was also identified as stable in 2017,
it was vulnerable given key cut off points and brokers. There
was some redundancy in the network, but if key individu-
als left, then many ties would be broken resulting in future
fragility in the network. Cut-off points pose vulnerabilities
and have been observed in other transdisciplinary contexts
as well (Stewart et al. 2017; Egunyu et al. 2018).

The structure of DDN in 2017 was more hierarchical than
in 2014 and best described as a core-periphery structure.
While not troublesome in its own right, these trends need
to be watched carefully so that power sharing approximates
the ideals of transdisciplinarity, in which decision-making
is intended to be more equitable than traditional academic
research. Interestingly, none of the core-periphery indicators
indicate community partners as central; this could be influ-
enced by a number of factors, including researcher-specific
data contributions to this paper or a structure that did not
result in equal power-sharing opportunities for communities.
Other network structures in transdisciplinary contexts have
been characterized as fragmented (Stewart et al. 2017); hier-
archical (Egunyu et al. 2018), and egalitarian (Hauck et al.
2016). More research is needed to tease this out in greater
depth, not only in this case, but in SNA more broadly.

The methodology and results presented in this article
illustrate not only how transdisciplinary work may be evalu-
ated, but what kinds of evaluative criteria are most appli-
cable given the different intentions for transdisciplinary
work. Research like this presented here begins to move us
toward new norms that could be invoked as performance
metrics for transdisciplinary sustainability science schol-
ars. We have proposed and demonstrated how key criteria
distinguish transdisciplinary work from more conventional
academic research. These include integration and collabo-
ration, the need for a stable social network over time and
a functional structure that balances efficiency with power
sharing. We suggest using SNA and these criteria as tools
to illustrate whether knowledge co-production effort is
effective. These short- and medium-term indicators pro-
vide evidence for capacity and network building that may
serve as the steps toward more meaningful societal impact,
which other authors have pointed to as important aspects for
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advancing the evaluation of transdisciplinary work (Belcher
et al. 2016).

Key limitations in our approach include that we consulted
only the researchers who were involved with the outputs.
Had we solicited input from our community and other
partners, we might have included more outputs of which
we are not aware. A more robust research design would be
more inclusive of those partners and avoid this sample bias.
Additionally, we do not have an ideal, normalized or stand-
ardized model of transdisciplinary practice as expressed
through SNA statistics against which to compare. The best
we could do in this project was compare where we were in
20142017, and look to bibliometric evaluations and one
example of participatory network analysis in other contexts.
More research into social networks associated with transdis-
ciplinary practice could begin to reveal different models and
insights into the relative strengths and weaknesses associ-
ated with how social networks support transdisciplinarity.

Notwithstanding these limitations, assessment of early
adopters of transdisciplinary research practice is important
because it can inform new approaches and initiatives. The
guiding ideas behind transdisciplinarity are that problem-
oriented work in collaboration with partners will lead to
more durable solutions to the significant sustainability
challenges we face (Carew and Wickson 2010; Lang et al.
2012; Scholz and Steiner 2015). Knowledge co-production
is a very different model for knowledge creation compared
to conventional academic scholarship, but evaluating trans-
disciplinary work is challenging. Significant time must be
invested in building the relationships to enable appropri-
ate problem definition, collaborative research and progress
toward solutions (Kates et al. 2001; Crona and Parker 2012).
The process of exploration, establishment and develop-
ment in building relationships in a network of collaborators
for inter- and transdisciplinary problems as described by
Stewart et al. (2017) is evident in this as in other contexts.
While effective solutions would be the definitive indicator
of success, “solutions” may take a long time to emerge and
the concept may mean different things to different people
involved. Intermediate indicators are needed as signposts
to signal whether partners are on the right path. Identifying
shorter- and medium-term outcomes and indicators can be
used as proxies in the march toward longer term, sustainable
solutions.

At a time when community-based research is becom-
ing more popular in universities, what kind of alternative
measurements can be valued as evidence of research? Evi-
dence suggests that interdisciplinary and transdisciplinary
projects initially result in fewer peer-reviewed publication
in early stages, but more publications in the longer term
(Hall et al. 2012). In the case of DDN, greater priority was
placed initially on serving community members through
research products that met their needs, while peer reviewed
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publications were not initially prioritized. For example, the
DDN co-created a traveling art exhibit that documented
change in the deltas that circulated among communities
and government offices, developed policy briefs, and estab-
lished community forums before turning to peer-reviewed
academic outlets (Steelman et al. 2019). These patterns of
publication run the risk of penalizing early career faculty,
who need classical publications to demonstrate productivity.
In all likelihood, the total number of peer reviewed publica-
tions coming out of the DDN work will increase over time,
but intermediate indicators and rewards for community-ori-
ented products are needed as incentives for faculty so as not
to put them at career risk.

There is also well-deserved skepticism about whether
such work leads to more meaningful impact. We suggest that
in the case of the DDN, there has been evidence of change.
Consider the following: the work of the DDN is associ-
ated with the creation of a newly formed Delta Stewardship
Committee in the Saskatchewan River Delta (Patrick et al.
2018), that is leading in multiple, successful community-
led funding application to federal and provincial agencies to
do restoration and education work in the delta. Publications
incorporated traditional knowledge into research reporting,
as well as led to joint publications with Métis council mem-
bers and other SRDP members in the Slave River and Delta
(Das et al. 2015; Baldwin et al. 2018; Mantyka-Pringle et al.
2017). This evidence has provided data for continued advo-
cacy related to concerns about ice cover progression, fish
distribution, fish monitoring and the cumulative stressors
in these ecosystems. In the Saskatchewan River Delta, two
co-created and co-written articles contributed to locally-
developed curricula in the Charlebois Community School
(Andrews et al. 2016; Andrews et al. 2019).

Collecting SNA metrics over several years of transdis-
ciplinary collaboration may provide evidence for how we
reach the long term proposition of sustainable change.
Without effort to create diverse, collaborative, structur-
ally sound networks, the work of sustainability science will
remain challenging. The metrics presented here help make
visible the social processes that undergird the efforts to cre-
ate outputs that serve as the building blocks for meaningful
sustainability impacts.

Our research helped bridge a gap in the evaluation litera-
ture on transdisciplinary work that currently focuses either
on processes or outcomes and individuals and groups (Wick-
son et al. 2006; Klein 2008; Brandt et al. 2013). While con-
sensus on how transdisciplinary works should be evaluated
will continue to evolve, we are contributing to the discussion
by proposing new units of analysis—research outputs, indi-
viduals and whole social networks—that can allow for com-
parison across different kinds of transdisciplinary projects.
Our work builds on the process-based approaches typified
by Lang et al. (2012), Wickson et al. (2006), and Scholz and

Steiner (2015) who seek to identify design principles. Our
design principles—integration and collaboration, the need
for a stable social network over time, and a structure that
balances efficiency with power sharing—are functional and
diagnostic. Selected metrics helped determine whether the
network could be more or less integrated and collaborative,
stable or democratic. Process to outcome based criteria, as
advanced by Belcher et al. (2016), such as relevance, cred-
ibility, legitimacy and effectiveness, are dependent on the
perspectives of those involved in the transdisciplinary prac-
tice so that transdisciplinary contributions can be assessed.
Our approach—arguably less subjective—takes as given the
research outputs and seeks to identify social structures that
support their production. An important caveat is that SNA
focuses on the structure of these relationships but remains
silent on the quality of them. Our employment of SNA
illustrates how progress can be made in how knowledge is
jointly produced, how it can be improved based on those
findings and how this kind of capacity building over time
may provide evidence of the interim steps needed for more
sustainability impacts. In light of pressing collective needs
to address sustainability, harnessing the ability of academics
to work in partnership with those outside our communities
is but one way for us to place science in the broader service
of society.
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