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Abstract

Today’s work increasingly involves teams with
fluid boundaries, and members working on multiple
projects at a time. To understand how work is
effectively coordinated in such complex organizations,
we focus on the role of a company’s task dependency
network. We integrate three research streams —
coordination, team knowledge and social networks to
conceptualize multiteam work as a large collaboration
with members in multiple functional roles and areas of
expertise, with complex task dependency relationships,
operating as a coherent and well-coordinated
knowledge network. Through this integration and
empirical test of associated hypotheses with data from
a European software company, our study illustrates
how to represent multiple relationships in one complex
multiplex network. This extends our understanding of
how the various knowledge relationships and
individual attribute differences influence the effective
coordination in collaborative software development
work. We address the concepts of awareness and
shared familiarity and how they affect coordination,
while keeping our focus on illustrating the power of
network analytics to gain nuanced insights into the
drivers of effective coordination.

1. Introduction

The work of modern organizations requires
coordination, defined as “the management of
dependencies among task activities,” [1], among its
members. Coordination challenges increase rapidly as
tasks become more complex, which may be particularly
true in technical tasks, and as teams become larger [2].
We argue that coordination, although more often
measured within formal teams existing in the
organizational chart, has a structure based on the dyadic
dependency relationships between team members, and
that these pair-wise dependencies, collectively form a
collaboration network composed of actors and
relationships between these actors. How such network
relationships influence collaboration has received little
attention in research, even though we have known about
their importance for decades [3].
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We argue that delineating how members of such a
network share knowledge, communicate and otherwise
relate to each other are key in understanding
coordination of large, collaborative, complex tasks.

In this study, we investigate the relationship
between task dependencies, shared task familiarity and
coordination. We use survey data collected from
software teams in a software organization in Northern
Europe. This data is of three types: individual (i.e.,
attributes of participants), dyadic (i.e., pair-wise
relationships) and bipartite (participant data across
various knowledge categories). We illustrate how this
complex variety of data formats can be used effectively
to depict how members operate as one multiplex
network containing multiple relationships, which allow
us to gain significant statistical power and offer insights
into the factors that lead to effective collaboration in
software development.

Various theoretical lenses have been applied to the
understanding of collaborative work, especially
recently with the increased amount of virtual work and
telework. We are particularly interested in three such
theoretical perspective that have received a lot of
attention in the literature, but with little integration: (1)
coordination — both from behavioral [4] and cognitive
perspectives [5]; (2) team knowledge — there are
numerous constructs, labels and theories about it in the
extant literature [6], generally categorized by
knowledge types, including shared schemas, fleeting
knowledge [7] and familiarity [8]; and (3) social
networks — analyzing dyadic relationships between
multiple network actors [9]. While we have learned
much about these three areas, there has been little
empirical or conceptual research integrating their
perspectives. This may be a missed opportunity because
coordination and team knowledge are inherently social
constructs best understood as relations in a network
[10]. Our study contributes by addressing this gap in the
literature, providing interesting directions for future
research on collaborative technical and knowledge
work.

In the next section of the paper we articulate our
theoretical foundations and offer hypotheses. These
hypotheses offer insights that extend theory about how
members interact in complex organizations, identifying
interesting predictions about coordination effectiveness
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that illustrate the increased explanatory power of the
network analytic approach, discussed in the next
section. We then discuss our methods, including data
collection, variables and models. We then present our
results and offer some concluding remarks and
limitations.

2. Theoretical Foundations and Study
Hypotheses.

2.1 Coordination in Collaborative Work

Of the few streams of research on coordination,
two of them are of particular interest for this study. The
organizational research literature has traditionally
viewed coordination from a behavioral lens, classifying
coordination as either “mechanistic” (achieved by
programming the most routine aspects of the task) or
“organic” (achieved by communication or feedback)
for more unpredictable aspects of the task [11, 12]. In
contrast, the team cognition literature has viewed
coordination as an implicit mechanism where members
manage their task dependencies through unspoken
assumptions about what others are likely to do, based
on their knowledge of the task and team [13, 14]. There
are abundant team cognition constructs in the literature
[6], many of which provide arguments or empirical
evidence for their positive effect on coordination,
including shared mental models [15], team mental
models [16], group situational awareness [17],
transactive memory [18] and familiarity [8, 19], among
others. However, most empirical studies from these
perspectives, view coordination as an aggregate activity
of the collective. In our study, we take a network
analytic approach and focus on general communication,
as key behavioral coordination mechanism, and on
awareness and familiarity as key cognitive coordination
mechanisms. We argue that it is most effective to focus
on collaborators that have dependencies with each other
because members that can work independently will not
benefit as much from coordination.

2.2 Team Knowledge: Awareness and
Familiarity

Situational awareness is fleeting knowledge, which
is only relevant during specific situations [20, 21].
When these situations pass, the particular awareness
knowledge is no longer relevant. Such fleeting
knowledge can be about many things, but the most
relevant types for working teams is task awareness and
team awareness. Awareness is defined as up-to-the
minute knowledge of the activities of others and how
they affect one’s own activities [22]. Team awareness

may involve knowing who is around or who has done
what. Task awareness is about knowing how the task
itself has progressed at a given point in time [23-26].
Team members need to have individual awareness of
task situations to carry out their task responsibilities,
but they also need to have team awareness to work
together as a coordinated unit [27].

Familiarity is “the knowledge that members of a
team have about the unique aspects of their work” [28],
typically construed as held at the individual level, such
as knowledge about the task itself and about other
members on the team [29]. Familiarity differs from
awareness in that it is not fleeting or situational, but
long-lasting and, therefore, relevant throughout the task
duration. As members of a team work together over
time, they become familiar with various aspects of the
task and with each other [30], and develop a common
knowledge base through which team interaction and
location of expert sources in the team can occur [31].
Studies have shown the positive benefits of familiarity
on team performance in mining [19], flight simulation
[32], problem solving [29, 33], software development
[8] and various other tasks [34]. While individual
familiarity is indeed important for individual
performance, our interest is the shared portion of
familiarity, which we argue is important for successful
coordination of group tasks.

2.3 Knowledge Networks

While social networks and social network analysis
have been around since the 1930s, more recent research
has begun to employ social network theories and
methods to understand knowledge networks. The thrust
of these arguments is that team knowledge is inherently
a social construct in which individuals share and
exchange knowledge through communication and
actions, creating cognitive relationships and structures
that help explain team processes, coordination and
performance [10]. The coordination and team
knowledge research streams we discussed above have
made it very clear that behavioral and cognitive
coordination are important for team performance. We
argue that a network analytic approach is ideally suited
to provide such insights.

The team cognition literature contains abundant
empirical evidence that team knowledge of many
shapes and forms contribute to coordination and
performance. But the majority of studies have tested
these effects only with simple dyads or aggregate
measures in small teams [10]. More recent research
suggests that collective knowledge is not always best
represented by an aggregate construct, but rather, there
are deep and complex knowledge relationships among
team members, resulting in team knowledge network
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structures that have a strong influence on how the team
coordinates and performs as a whole. This notion of
viewing team knowledge as a network has been
incorporated into studies of transactive memory and
knowledge collaboration [35], scientific knowledge
sourcing learning [36], knowledge amplification in
product development [37], collaboration in
biotechnology [38] and knowledge transfer and
innovation [39], among others. A recent study provided
more specific arguments, concepts and methods for
how to investigate team knowledge from a network
perspective, giving empirical evidence of a significant
increase in predictive power when network structure
variables are incorporated into the analysis [10]. These
methods can be applied to the question of whether
specific shared processes of familiarity and
communication support team coordination and
performance.

2.4 Study Hypotheses

Our study hypotheses are modeled in Figure 1. As
discussed earlier, prior research provides encouraging
evidence of potential benefits of using a network
analytic approach to studying the effect of team
knowledge on coordination and performance [10].
While this may not be as apparent with smaller teams
working in fast-paced real-time tasks, we argue that, as
teams become larger, and as the task becomes more
complex, asynchronous and longer in duration, the
structural properties of team knowledge networks
provide more explanatory power to understand what
drives coordination and performance.

A dependency in a task is the “extent to which
personnel are dependent on one another to perform their
individual jobs” [40]. Because the management of task
activity dependencies is the essence of coordination [1]
we argue that the task dependency networks is a key
starting point in our theoretical development. Two
members responsible for task activities that are
relatively independent are less likely to benefit from
cognitive or behavioral coordination [41]. However, the
coordination demands on members with substantial
dependencies will be larger. Thus, we posit that:

H1I: Task dependencies between members has a
negative effect on coordination effectiveness — i.e., it
increases the time and effort need by members.

We further argue that members who rely on each
other for leadership will have a more coordinated
collaboration. While leadership is “a process whereby
intentional influence is exerted over other people to
guide, structure and facilitate activities and
relationships in a group or organization” [42, p.2],
leadership in large collaborations is often shared and it
needs to be coordinated to be effective [43]. When

leadership is shared, members are more willing to
accept each other’s influence [44] and, consequently,
have more opportunities to interact, rely on each other,
and build trust [45]. This distribution of control is likely
to create an environment where team members more
frequently and intentionally coordinate their efforts.
Thus, we anticipate dyads with a leadership relationship
to be more effectively coordinated.

H?2: Dyads with a stronger leadership
relationship will be more effectively coordinated.

Situational awareness is a form of fleeting
knowledge that enables members to notice changes in
the task environment and understand the implications
of these changes for the task at hand [7]. Group
situation awareness research suggests that awareness of
the task and about each other makes the collaboration
more effectively coordinated [17], but there is little
empirical evidence of this. Thus, we posit:

H3: Members of dyads with more awareness of
each other will be more effectively coordinated.

Team communication is a form of behavioral
coordination (by feedback), which is theorized to help
collaborators coordinate effectively [40]. While we
hypothesize a positive relation between team
communication and effective coordination, we do this
with caution because communication is theorized to be
effective when the task at hand is non-routine, but
somewhat inefficient and even wasteful if the task at
hand is routine, so the evidence is inconclusive [40].

H4: Communication frequency between
collaborators has a positive effect on coordination
effectiveness.

As we discussed above, task and team familiarity
have been found to have positive effects on team
outcomes in various types of tasks [34], including
software development [8], but there is insufficient
evidence about these effects when familiarity is shared.
We argue that when familiarity is shared between
collaborators, it makes task coordination more
effective. Thus, we posit:

H5: Team familiarity — i.e., familiarity with a
colleague’s knowledge, skills and interaction style —
has a positive effect on coordination effectiveness.

H6: Shared task familiarity — i.e., familiarity with
a colleague’s task has a positive effect on
coordination effectiveness.
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Figure 1: Study Hypotheses
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3. Method

3.1 Study Sample

The sample for our study consists of members of an
IT department employing 170 workers from a software
company in Northern Europe. We received 155
responses from these employees to both survey waves
(80% response rate), but some of these responses had
missing data for some variables, so we ended up with
131 usable responses with complete data.

3.2 Data Types

Prior to the survey, we had one-to-one meetings
with six employees from different functional roles to
better understand the knowledge domains to use in our
survey. We then administered two surveys waves, a few
weeks apart. In the first wave we gathered member
attribute data (i.e., demographics) and data about who
depended on whom to complete the task, which we used
to build the respective task dependency network (see
below), gathering three types of data, with all responses
in a 1-7 Likert scale:

o Member attribute data (first wave) — containing one
observation for each participant with demographic
and other relevant control data like age group (from
1 — under 20 to 7 — over 60 yrs); number of years in
the company; number of years of experience in the
present functional role; gender; nationality and
functional role.

o Relational data (both waves) — we collected
relational data in two survey waves. Because network
data requires each participant to provide responses
about the others, we limited such responses to those
with whom the responding member had a
dependency relationship (rather than asking each
person to rate 130 others on each relational question).
Thus, in the first wave, we gathered data about
member Task Dependencies by asking who they
depended on to get their work done, with adapted
survey items from prior research [41]. This yielded a
directed dependency network with 611 dyads,
creating a more meaningful picture of how work is
accomplished and amplifying the statistical power of
our analysis. In the second survey wave, we asked
relationship questions only for dyads with task
dependencies, consistent with coordination being
about the management of such dependencies.

We measured the Perceived Coordination Delay
between the two dyad members as member 1’s
perception of coordination delay with member 2. We
then reversed these values so that low values of
coordination delay translate into high values of
Perceived Coordination Effectiveness.

Besides task dependencies, we asked question
about whether each dyad had a leadership
relationship (i.e. how much member 1 relied on
member 2 for leadership, adapted from [43]),
whether they had awareness of the other member’s
tasks and about the member’s whereabouts (i.c.,
presence), frequency of communication with the
other dyad member, familiarity with the other dyad
member’s knowledge and skills, and familiarity with
the dyad member’s interaction and communication
preferences (measures adapted from [8, 41]).

o Bipartite data (second wave) —also known as 2-mode
network data [46]. We collected this data for all the
task familiarity questions. Essentially, this data
format has one observation for each participant and
one column for each knowledge area of interest (2
modes: member X functional task areas). The
participants rated their knowledge in each of these
task areas. We asked questions about several relevant
aspects of their software task and averaged the
responses  across  broader  categories  (for
comparability with the other organization): business
requirements;  software methods and tools;
management and  administrative  processes,
procedures and policies; service and operations;
software development languages and processes; and
technical infrastructure.

3.3 Network Data Transformations

We collected the three types of data above to be
able to construct network socio-matrices for each
variable of interest. A socio-matrix is a matrix that
contains one row and one column for each member of
the network, with each cell measuring a particular
relationship value between the row member and the
column member. For example, the cell in row 4 and
column 6 of the task dependency socio-matrix contains
a value from 1 to 7 measuring how much member 4
depends on member 6 to complete the task. Because we
had three types of data, we did some traditional network
data manipulations to transform all the relevant data to
a socio-matrix format, as follows:

o Member attribute data — these are various control
variables for our model. We took each of the
individual attribute values and “matricized” them
into network data, which simply means converting
individual to relational data. This can be done in
many ways. For our study, we matricized the data as
follows: age group difference — each cell in the socio-
matrix contains the difference in age groups between
the row and column member; difference in years
with the organization, between the row and column
member; difference in years of experience in the
current role — same method; gender difference —
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same gender vs. different gender; nationality and role
differences — same method.

e Relational Data — participants provided responses
about members in their dependency network,
yielding dyadic and directed data in network-ready
format, so there was no need for transformations.

o Aggregate Bipartite Data — any 2-mode sociomatrix
can be converted into various 1-mode sociomatrices
using a number of methods [46]. Since the bipartite
matrix contained measurements in six different
knowledge area, we converted this matrix into a 1-
mode network using the correlation method. This
method involves taking the knowledge scores in each
area for each pair of members and computing the
member-to-member correlation across all task areas.
The value in a cell of the resulting sociomatrix
contains a correlation value between -1 and 1,
measuring how much the knowledge of the two
members correlates. Two members with a correlation
close to 1 will have very similar knowledge in all
areas, that is, a strong shared task familiarity.
Negative values represent negatively correlated
knowledge and values close to zero represent
uncorrelated knowledge between the members.

o Detailed Bipartite Data — The aggregate bipartite
data we used to compute shared task familiarity was
not significant in our model, so we conjectured that
these aggregate correlation values were not very
meaningful, because two members may have strong
positive correlation on one knowledge area (e.g.
business requirements), but a negative correlation on
another (e.g., infrastructure). Therefore, we modeled
each of the six types of task knowledge separately by
computing the difference in knowledge rating
between the row and column member and reversed
the result to convert differences into similarity or
shared familiarity. We labeled these metrics as
“Similarity.” However, two members who have very
low knowledge values in one area will have the same
similarity metric as two members that have a very
high value, if the differences are similar. So, to
control for the magnitude of the knowledge shared,
we also computed a metric suffixed “Minimum”,
which contains the minimum knowledge value in the
particular task area between the two members. This
is a popular approach [10] because 2 members can
only share knowledge up to the knowledge held by
the least knowledgeable member. Anything beyond
that would be unshared. Other popular methods
include maximum and average values for the dyad.

3.4 Predictive Model

The procedure above yielded several sociomatrices,
one for each relationship of interest for the study.

Because these dyadic observations are not totally
independent (i.e., a member of dyad may appear in
other dyads), the Ordinary Least Squares (OLS)
regression assumption of data independence is violated,
so we cannot use OLS. Therefore, we employed the
“Quadratic Assignment Procedure” for multivariate
regressions (MRQAP) [47]. This is a commonly used
network analysis method, formulated to estimate
regression models with sociomatrices that contain
relational data [46]. The MRQAP method yields
identical regression coefficients to OLS. But the
resulting p-values have a different meaning.

In a traditional OLS regression, the p-values
measure whether the coefficients are significantly
different than O (i.e., no effect). In MRQAP, the p-value
measures whether the observed effect in the data is
different than what one would observe with randomly
generated sociomatrices, which is a concept somewhat
related to bootstrapping. The procedure starts by fitting
an OLS regression and computing the respective
regression coefficients, which are the observed
coefficients. Each sociomatrix is then shuffled
randomly by shifting rows and columns, yielding one
random matrix for each relationship of interest. These
random matrices are then used to estimate an OLS
regression and obtain random regression coefficients.

This randomized shuffling of the sociomatrices is
then repeated many times. We used the netlm function
in the R package statnet to fit our model, which has a
default value of 2,000 random matrix permutations,
which is adequate for most estimations. The resulting
p-value of each coefficient does not measure statistical
significance, but the proportion of times that the
random coefficient was larger than the observed
coefficient (or smaller if the coefficient is negative). So,
for example, a p-value = 0.03 indicates that the random
coefficient was larger than the observed coefficient in
3% of the permutations. If the random coefficients are
consistently smaller than the observed coefficients, it
provides confidence that there is indeed an effect.

Using Coordination Effectiveness as the dependent
variable sociomatrix, we modeled all the remaining
sociomatrix ~ variables—constructed  from  the
matricized individual attributes, collected directly as
relational data, and computed from the bipartite data.
Because the aggregate shared task familiarity was not
significant, we converted the respective bipartite task
knowledge data into six sociomatrices, one for each
task knowledge areas in our data.

4. Results

Our results are summarized in Table 1. Some of our
hypotheses were supported and some were not.
Nevertheless, our network analytics approach provided
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us with increased statistical power and deeper insights.
In this section, we describe our main findings and, in
the next two sections we provide a deeper discussion of
our results and contributions. Our results show that
differences in tenure years, years of experience and
nationality were not associated with coordination
effectiveness. Interestingly, differences in the age
group and functional role of a dyad had a moderate
positive association with coordination effectiveness (3
= 0.070, p = 0.065 and B = 0.121, p = 0.062,
respectively), suggesting that senior colleagues
collaborating with junior colleagues tend to be more
coordinated than seniors with seniors or juniors with
juniors, and members in different functional roles are
more coordinated than members in the same role.
Equally interesting was that gender differences had a
positive association with coordination effectiveness (3
=0.192, p = 0.002, suggesting that males collaborating
with females tend to be more coordinated than males
with males or females with females.

With respect to relational variables, we found
support for H1 that increased task dependencies within
a dyad have a negative association with coordination
effectiveness (f = - 0.045, p = 0.038). We also found
support for H2 that dyads with a stronger leadership
relationship are more effectively coordinated (B =
0.061, p < 0.001). We found mixed support for H3.
Contrary to our expectations, task awareness was
unrelated to coordination effectiveness, but presence
awareness had a strong positive association (3 = 0.239,
p<0.001).

Also, not entirely surprising, communication
frequency between dyadic members was associated
with less coordination effectiveness, which was counter
to H4. But, as we discussed previously, sometimes
collaborators communicate too much, beyond what is
immediately needed to manage non-routine
dependencies, which can have a negative effect on
coordination. Prior studies have found similar negative
effects and conjectured that uncoordinated teams often
need to communicate more to resolve their issues [41].
We also found mixed support for H5 about the effects
of team familiarity. Surprisingly, team familiarity did
not have a significant effect on coordination
effectiveness, but team interaction familiarity did (B =
0.372, p < 0.001), suggesting that having familiarity
with the skills and knowledge of collaborators is not
that important in this task, provided that collaborators
know their peer interaction and communication
preferences. Since our team familiarity measure is
dyadic, perhaps it is a given that the two members of
the collaborating dyad already have some familiarity
with each other, all other things being equal (e.g., task
dependencies, leadership relationship, presence
awareness, etc.). However, having familiarity about

their interaction and communication preferences is
beneficial.

Table 1 — MRQAP Regression Results

Estimate Coefficient| P-Value
Intercept 2.088 0.000
Control Variables, Matricized: Differences in
Age Group 0.070 0.065
Tenure Years -0.007 0.128
Years of Experience in Rale 0.001 0.458
Gender 0.192 0.002
Nationality -0.023 0.366
Rale 0.121 0.062
Relational Variables
Task Dependency -0.045 0.038
Leadership 0.061 0.000
Task Awareness -0.006 0.421
Presence Awareness 0.239 0.000
General Communication -0.081 0.012
Team Familiarity 0.040 0.252
Team Interaction Familiarity 0.372 0.000
Bipartite Data Converted to 1-Mode: Shared Task Familiarity
Business Requirements Similarity -0.085 0.062
Business Requirements Minimum 0.002 0.479
Methods & Tools Similarity -0.008 0.432
Methods & Tools Minimum -0.016 0.371
Management & Admin Similarity 0.070 0.036
Management & Admin Minimum -0.030 0.250
Service & Operations Similarity -0.045 0.099
Service & Operations Minimum 0.011 0.379
SW Development Similarity 0.005 0.472
SW Development Minimum 0.060 0.182
Technical Infrastructure Similarity 0.151 0.000
Technical Infrastructure Minimum -0.123 0.017
Residual standard error: 0.7472 on 569 degrees of freedom
F-statistic: 11.05 on 25 and 569 DF, p-value: <0.001
Multiple R-squared: 0.3268  Adjusted R-squared: 0.2973

With respect to the bipartite task familiarity data, as
we discussed previously, our aggregate metric of shared
task familiarity did not have a significant effect on
coordination effectiveness. We concluded that this
metric was not effective for two reasons. First, it
measures shared task familiarity as a correlation of the
task familiarity values of the dyadic members across all
task functional areas. Correlation simply measures if
the proportions of task familiarity of two members have
similar patterns. However, two members could have
very little familiarity about almost everything and still
have highly correlated task familiarity. Or it could be
both very high and still yield the similar correlation
values. Second, as other studies have pointed out,
familiarity can be about many things and at many levels
(e.g., details vs. general) [8]. So, shared familiarity at
an aggregate level may not be such a useful metric.
Consequently, we drilled down into the six task
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familiarity areas, which our own participants helped us
identify as relevant for their work. This is precisely
where the power of network analytics resides, that is, in
the ability to analyze the network at very high levels of
aggregation or at more detailed levels.

As we mentioned before, we constructed two
measures of shared task familiarity for each of the six
task functional areas. The first one is simply the
difference in individual task familiarity values between
the two members of the dyad but reversed (by
subtracting from 7) to represent similarity rather than
difference. However, as with the case of correlation,
two members may have very low values of task
familiarity in one area and still have the same measure
of shared task familiarity of two members with very
high values. So, we developed a second metric to
control for this issue by taking the minimum value of
the two task familiarity scores of the dyadic members.
Altogether, this yielded twelve measures — 2 shared task
familiarity measures x 6 functional task areas.
Naturally, with so many metrics we obtained very
nuanced results, but providing mixed support for H6
about the effect of shared task familiarity on
coordination effectiveness.

Of all the functional task areas, we found a few
moderately and highly significant positive and negative
effects. Naturally, this mix of effect signs explains why
the aggregate measure of shared task familiarity was not
significant in explaining effective coordination. Failing
to support H6, neither measure of shared task
familiarity for methods and tools, and for software
development languages and processes were significant.
Similarity in task familiarity on business requirements
and on service and operations had moderate effects, but
counter to H6 (B = - 0.085, p=10.062 and ( = - 0.045,
p = 0.099, respectively), whereas the minimum task
familiarity did not have a significant effect in either
case. Consistent with H6, similarity in task familiarity
about management and administration was positive and
significant (B = 0.070, p < 0.036), but the minimum
value was not. Interestingly, similarity in task
familiarity about technical infrastructure had a positive
effect (B = 0.151, p < 0.001), but the minimum value
had a negative and significant effect (B = - 0.123, p =
0.017).

5. Discussion

Our goal with this analysis advances the notion of
how members of complex organizations interact
through a dependency structure, depicting the power of
the network analytic approach to study how various
forms of team knowledge influence coordination. Our
results provide empirical evidence of some interesting
effects. With respect to individual attributes, we found

that differences in age groups, gender and functional
roles improved coordination effectiveness. This
supports the notion that diversity in collaboration is
beneficial. Seniors coordinate better with juniors; males
coordinate better with females; and technical staff
coordinate better with business staff. We conjecture
that software development for specific applications,
like construction, require fresh diverse perspectives,
and collaborators appear to devote more time and effort
to coordinate with diverse peers. Interestingly,
differences in time with the company and years of
experience did not have a significant effect.

Our results from the relational variables are the
mostly significant. Most social network studies collect
and analyze this type of relational data, so this was not
unexpected. Our departure point was to focus on task
dependencies because members who can work
independently don’t need to coordinate. With 131
usable responses, there are 131 x 130 = 17,030 possible
ties among the respective network actors. And, of
course, it would be practically impossible to collect
relational data for each member about each of their 130
peers across several dyadic relationships. By focusing
just on dyads with task dependencies, identified in the
first wave or our surveys, we were able to reduce the
number of ties to a manageable level of 611 links,
which provide sufficient statistical power. Our model
confirms that, holding everything else constant, an
increased level of task dependencies leads to more
coordination delays. This result is consistent with
coordination theory, which states that such
dependencies need to be managed to be coordinated.

Our results also show that leadership relationships,
presence awareness and familiarity with team member
interaction and communication preferences are
effective in helping us manage these task dependencies
and, therefore, help coordinate more -effectively.
Surprisingly, task awareness and team familiarity with
the knowledge and skills of others had no effect. We
argue that these two variables do indeed help teams
coordinate, as prescribed by situational awareness [17],
transactive memory [48] and expertise coordination
[49] research. But we did not observe empirical effects
because our measures were too general. Rather than
asking respondents if they are aware about others’ tasks
and familiar with other members knowledge, we could
refine our survey instruments to: (1) collect more recent
data on task awareness because task awareness
responses are very sensitive to recall [7]; and (2) test the
actual familiarity members have with their
collaborators, rather than simply asking them if they are
familiar with each other. Interestingly, communication
frequency had a negative effect on coordination
effectiveness, which is consistent with prior findings
that have found that communication is useful for non-
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routine tasks, but wasteful for routine tasks, and that
uncoordinated teams often have to communicate more
than usual to resolve their task issues [41].

The most interesting aspect of the shared task
familiarity effects, with predictors constructed from
bipartite data, is consistent with prior arguments that
task familiarity is like trying to identify what an
elephant looks like. You can take a high-level view, but
when you get into the details, your findings will change
depending on which task functions you are measuring,
how detailed, and which aspect of the task. For
example, in a prior study of software teams, the authors
argued that task familiarity could be measured with
respects to software program files, larger modules, even
larger subsystems or even the technical environment in
which the software resides [8]. This provides some
explanation for why our aggregate, correlation-based
task familiarity variable was not significant, but when
we drilled down into the various functional task areas,
we found some significant, moderately significant and
non-significant effects, both positive and negative,
which provides a more nuanced understanding of how
task familiarity affects coordination effectiveness.

6. Conclusions, Contributions and
Limitations

The network analytic approach offers considerable
advantages in understanding how team knowledge
operates in large, complex asynchronous organizational
tasks. Before we collected our survey data, we had one-
on-one meetings with some organizational members to
help us identify relevant task areas for the study, most
of whom commented on how they needed to access
expertise and resources beyond their team’s boundaries
in order to complete their work. This suggested that the
teams involved in this study were not operating as silos,
but in collaboration with other organizational members,
as one large collaboration network driven by task
dependencies with fluid team boundaries and multi-
team memberships in organizations [50].

One of our contributions in this study is the
methodology. Social network analysis has been used
since the 1930s when Jacob Moreno published his
seminal study of friendship ties among 4™ grade
classmates in the New York Times. Social network
analysis and graph theory have been used for decades
to understand, not only social phenomena, but also
things like event relationships, computer networks,
disease spread, food item relationships, and molecular
behavior, among many things. Some team cognition
researchers have also applied network analytics to
measure complex cognitive structures like shared
mental models [51]. However, little attention has been

paid to understanding how the collective knowledge of
a team or group of collaborators can be measured,
represented and analyzed. Our study provides some
steps in that direction by conceptualizing group
knowledge as a collection of dyadic knowledge
relationships within a network. In our specific case, we
studied constructs like task and team awareness, and
task and team familiarity, but any relational knowledge
construct that can be measured at the dyadic level, can
be used to construct a knowledge network. Once this is
done, the vast amount of network analysis methods and
tools available open up widely the possibilities for
investigation of the effects of collective knowledge.

The network approach is powerful, but it comes
with several methodological challenges, particularly
when specifying shared task familiarity and task
dependency networks, which need to be addressed to
help us move forward. Our present study constitutes an
innovative approach to the study of teams,
coordination, and knowledge, which promises to
generate new insights into the drivers of team
coordination, performance and related outcomes. But
we acknowledge that more work is needed.

Depicting team knowledge networks this way
requires elicitation of task and team knowledge data
from different samples, which presents methodological
challenges. Overcoming these challenges required that
we employ innovative methods that, to the best of our
knowledge, have not been utilized before in this line of
research. For example, our participants were in various
management levels (e.g., technical, team supervisor,
department manager) and in different roles (e.g.,
developer, software architect, customer lead, functional
requirements analyst, business analyst, etc.). Members
also belonged to different functional groups (e.g.,
infrastructure, user interface, front-end applications,
etc.). To complicate matters more, some members
belonged to more than one team and/or worked in more
than one project simultaneously. Others only worked
within their functional team.

We addressed these challenges by keeping team
affiliation loosely defined and capturing all the various
levels and roles of each member, so that we could
aggregate and slice the data in various ways (e.g., in
multiple teams and projects). We first captured each
member’s dependency ego-network (i.e., teammates
who the member depended on, or teammates that
depended on the member), which we then used to
construct the full task dependency network. We then
asked questions about relationships with teammates in
the member’s ego-network. This enabled us to look at
both internal dependencies within teams or external
dependencies across teams, and captured things such as
knowledge sharing over team boundaries.
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Our last main challenge has to do with how to
construct shared task familiarity networks. As we
discussed earlier, the level of granularity of the task
familiarity measure (e.g., general, detailed) and the
actual knowledge domain (e.g., functional task, task
context) present one formidable challenge. But as we
move into our next steps to analyze two additional
departments from another company, we will need to
compare task familiarity metrics across companies that
work differently and produce different software
applications. We have addressed this issue by defining
general categories of functional task areas (e.g.,
business requirements, software development method),
so that our detailed survey questions are custom tailored
for each organization, but responses can be summarized
across  standard  categories, relevant across
organizations.
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