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Abstract

Research and commercia development in collaboration and project management have established tools to
support experiential cognition, giving teamsthetoolsto deal with deadlines, deliverables, and gathering information
to maintain ‘ group awareness.” Supporting the ability to plan, monitor progresstoward, and reflect on the quality of
teamwork and associated work processes has normally been the role of team managers. The viewpoint explored in
this paper is that teams need to develop skills to render explicit the cognitive and social processes needed for
collaboration and that software can play a central role in developing such skills. A computational linguistic and
information visualization toolkit for rendering explicit social mechanismsin team collaborationis presented. Using
thetoolkit, analyses of adesignteams' conversationsin relation to exposing these social mechanisms are described.
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1. Arolefor softwarein evaluating teamwor k

In this paper, we will study teamwork in the
context of design. Because design is a social activity
characterized by information exchange, compromise
and negotiation, the development of a shared,
organized understanding and mental representation of
knowledge about key elements of the designed work is
critical for a successful outcome. Social cognition in
design concernswith the generation, transmission and
evaluation of information and knowledge to create
collective sense-making of the function, behaviour,
structure and meaning of a product. Collective sense-
making is regarded as a central aspect to facilitate the
coordinated action that isrequired for successful team-
based design.

For the purposes of this paper, teamwork is
regarded as the activities and interactions of people
actively sharing knowledge, perceptions, and ideas
when working together toward acommon purpose. Our
view isthat teams need to devel op conscious, explicit

understandings of the team’'s progress towards
collective sense-making and commonly held
knowledge, perceptions, and ideasin order to modify
and improve the teamwork processes that affect them.
Improving teamwork requires both the skills to
recognize and diagnose teamwork problemsaswell as
behavioural changes necessary to rectify them.

The am is to establish aternative methods for
teams to assess the nature of their collaboration
through characterizations of their communication.
Developing teamwork assessment skills can enable
teams to engage in reflections about the nature,
purpose, and utility of their collaboration processes
and to thereby come to understand them better, use
them more effectively, and improve them. Software
can play arole in developing the skills necessary for a
team to engage in the reflections about their
collaboration processes and behaviour changein order
to improve the likelihood of successful teamwork.

One way is that the software could give strategic
advice on the nature of collaboration. But, our view is



that this may be obtrusive and unlikely to persuade
team members to adapt their behaviour to improve
teamwork. Rather, we believe that the principles of
self-monitoring and surveillance from the field of
computers as persuasive technology [1] offer other
ways of conceiving how software could enable team
membersto learn about their teamwork behaviour and
to learn about the teamwork behaviour of others. The
principle of self-monitoring asserts that people can
changetheir behaviour if atool allowsthemto monitor
their behaviour in order to modify their behaviour
towardsapredetermined god, i.e., effectiveteamwork.
There are severa studies [2] which indicate that the
analysis of one’'s own behaviour is a prerequisite for
modifying inadequate social processes. The principle
of surveillance is based on the finding that people are
likely to change their behaviour to meet others
expectations when they know that they are being
monitored [3]. The software system presented in this
paper renders explicit one dimension of teamwork,
conceptual coherence, by depicting the effect of team
members on conceptual coherence.

2. Computationally assessing conceptual
coherence

This paper presents conceptual coherence as a
computationally derived measurement of shared
knowledge, one of the social dimensions of teamwork.
Inlay terms, conceptual coherenceisameasurement of
the degree of inter-relatedness of the team'’ s ideas, or
what is called ‘being on the same page.” Conceptual
coherence affects teamwork cohesiveness, normally
defined as“the resultant forces which are acting onthe
membersto stay inagroup” [4, p. 274]. Cohesiveness
has been shown to be highly significant in the
performance of a group [5]. Conceptual coherenceis
one way to quantify one of the ‘forces that may drive
team towards cohesiveness because a team which
exhibits conceptual coherenceislikely to be cohesive,
but ateam whichisnot cohesiveisnot likely to exhibit
conceptual coherence. Teams which exhibit similar
patterns of constructive thinking are likely to be
cohesive [6]. The effect of shared knowledge is a
prerequisitefor effective collaborative work [ 7]. Other
social accounting metrics of teamwork include
leadership and esteem. We start with the concept of
conceptual coherence because similarities between
ideas may indicate shared knowledge in the sense of
pragmatic intersubjectivity, a crucia precursor for

effective teamwork.

The software toolkit operates by text mining the
communication of the team participants in order to
assess conceptual coherence. There may exist adanger
in assuming that group communication and group
shared knowledge could be understood as public
versions of private thought. Nonethel ess, thereisvalue
in examining the way in which communication about
designing unfolds in the documentation within the
context of the activity of designing. In particular,
aligning the dénouement of the design documentation
with other measurable outcomes such as the quality of
the design or with protocol studies offers a means to
study the ways in with group shared knowledge
unfoldsin a socially mediated setting.

The calculation of conceptual coherence is based
on the semantic coherence of the team's language-
based communi cation. Communication is often defined
by the creation of shared understanding through
interaction among people. The purpose of
communication in a team is to establish a set of
coherent ideas from which team members can develop
shared knowledge. From there, the team is able to
articulate clearly to one another within the team, as
well as to those outside the team, its goals, purpose,
design process and product. Borrowing the definition
of mental models as*the mechanismswhereby humans
are ableto generate descriptionsof system purposeand
form, explanations of system functioning and observed
system states, and predictions (or expectations) of
future system states.” [8, p. 351] conceptual coherence
has been proposed as a measurement and indicator of
shared knowledge [9].

Computational methodsfor identifying conceptual
coherence (cohesiveness) in groups are not “new.”
Most methods for identifying cohesiveness in groups
use statistical models of sociometric data to identify
blocks of stochagtically similar actors, calculate
cohesion based on datisticad measures  of
communication frequencies, or measureanindividua’s
psychological feelings of belonging and morale as a
result of belonging to the group through
questionnaires. What we bring is an approach that
imputes team cohesiveness from the content of
language-based communi cation among team members
using computational techniques which do not rely on
explicit keyword matching or counting interactive
behaviour between team members. In order to
diagnose teamwork issues in situ, the method does not
rely on post hoc surveys.

This article will describe two techniques for



calculating semantic coherence, one based on direct
calculation using latent semantic analysis and one
based on indirect interpretation using the visual
processing of humans. In these following sections, we
present latent semantic analysis(LSA) and information
visualization using the swarmintelligence metaphor of
flocking to calculate and visualize the formation of
conceptual coherencein designteams. A description of
how collective sense-making was cal cul ated for ateam
is presented as a demonstration of the toolkit
AgoraProbe (from the Greek word agora for an
assembly of people).

3. Analysis methods
3.1 Latent semantic analysis

Latent semantic analysisis a method which maps
out the coherence of meanings of a series of wordsand
how language use models knowledge acquisition and
representation [10]. Latent semantic analysis (LSA) is
atext analysis method that characterizes the semantic
similarity between texts using a high-dimensional
semantic space. The mathematical foundationfor LSA
liesin singular value decomposition (SVD), a matrix
approximation method for reducing the dimensions of
amatrix to the most significant vectors. By looking at
the entire range of words chosen in awide variety of
texts, patterns emerge in terms of word choice aswell
as word and document meaning. The principal
advantage of LSA over other standard document
analysis techniques, such as keyword analysis, is that
LSA examines context and removes obfuscation
created by “noise” in the documentation.

To apply LSA to the analysis of a team's
conceptual coherence, it is assumed that the
psychological similarity between each designer’ sown
mental representation and the socialy held
representation of the designed artefact is reflected in
the semantic coherence between wordsin the way they
co-occur in dialog and other language-based
communication. Semantic coherence between two
communicative acts d, and d is calculated using the
standard cosine similarity measurement for textual
coherence. An abstract representation of the team's
socialy held group knowledge is calculated as the
centroid of the ‘' latent’ vectorsrepresenting theteam's
communication in the k-reduced LSA space. The
complete details of the calculation of conceptual
coherence using LSA are provided in [9].

Because conceptual coherenceisdynamicand not
reducible to a single value that could represent the
state of group knowledge over along period of time,
the conceptual coherenceis calculated over time. The
semantic coherence between each team participant’s
communication and the group’s communication is
calculated. Each participant’s semantic coherence
should ideally follow the same trgectory as the
group’ sand belocated proximally closeto the group’s
communication. The group’s semantic coherence
progresses from 0 to 1 at the end of the design project
or at the end of a design group meeting. The slope or
rate of progression towards 1 depicts how quickly the
team’ sideas (as reflected in their communication) are
cohering. The limits of the semantic coherence are 0
and 1. At the extremes, a constant conceptual
coherence of 1 would indicate that no new information
is being added — clearly undesirable repetitions of the
same ideas. At the other limit, aconceptual coherence
of 0 would indicate didectic semantics. In the
aggregate, however, it is argued that the team should
exhibit broad semantic agreement. Prior studies have
theorized and empirically shown a direct correlation
between such semantic agreement and quality design
outcomes [11].

3.2 Information visualisation

In addition to latent semantic analysis, methods
from information visualization, the representation of
data graphicaly rather than textually using the high
bandwidth human perceptual and cognitive
capabilities, are applied to detect patterns and draw
inferences from visual form. Specifically, we use the
metaphor of flocking [12]. We create a mathematical
simulation of flocking birds or swarming fish —that is,
animals which tend to move together. Because design
ideas and concepts are introduced and changed
dynamically during thelife cycle of the design process,
we believe that self-organisation by flocking isamore
apt metaphor than classical concept clustering
a gorithmswhich mostly operate on apriori non-time-
varying datasets. We use humans' in-built cognitive
capabilities of the visual system to directly relate
simple motion typologies to complex behavioural
reasoning — whether teams are coming to conceptual
coherence or not. For example, when we see two
people moving toward one another, we might assume
that the two are coming to an agreement or coming
together to discuss and work; when the two separate,
we might assume that the two are moving in different



directions or have completed the shared task and are
moving onto new tasks which may require
collaboration with others. We exploit this inclination
toward these assessments to graphically render the
formation of conceptual coherenceinthe designteams.

Thus, the goa here is not to pre-calculate
conceptual coherence but rather for the viewer to
interpret and infer team cohesive by visualizing the
motions of boid particles representing each member in
ateam. Each boid represents one unique team member
and is placed in a three-dimensional virtual space.
Each boid is capable of perceiving other boids in its
closevicinity. Infact, thedirection and speed of aboid

A with position P, is dependent on all the boids X

with position P, in its neighbourhood. A boid will

attempt to move towards the centre of the flock as the
boid perceivesit. For al boids Xinits neighbourhood,

if the distance between p,, and P ,issmaller thanthe

flock centring limit, boid A should try to direct itself
towards the perceived centre of gravity of all boids X
combined.

Once the boids have flocked, they will tend to stay
together if the data valuesremain similar. A boid will
attempt to stay close to boids that are in its
neighbourhood and areinterconnected inthe context of
the data values that it represents. Data similarity, in
this case the connectedness between design
collaborators, is determined by calculating the
difference between the data values that the boids
represent. Consequently, the strength of the attracting
forceisproportional to the distance between the boids
and the connectedness between design participants.

The position p,of a boid in the three-

dimensional space is calculated based on the
information content of each speaker’s utterance using
Shannon’s formulation of information entropy [13].
The information entropy is intended to encode the
similarity of the information sources (the team
members) that produced the information (utterances).
Similar information sources (team members) should
produce similar information. Suppose we have aset of
possible design concepts, ideas and issues, what we
proposeto call the design space. Further, suppose that
the design space is expressed semanticaly as
lexicalized concepts in each communicative act. We
can calculate the probability of occurrence of a

lexicalized concept B as proportional to the number

of occurrences of a lexicalized concept in a
communicative act / and inversely proportional to the

number of timesalexicalized concept appearsover all
recorded communicative acts. We can then quantify
the amount of information contained in a message
using Shannon’'s measure of information entropy.

4. Agor aProbe example analyses

Analyses of one design team is presented here to
show the capabilities of AgoraProbe. The transcripts
comefrom the Bamberg Study [14] inwhich theteams
designed a planetary gear train set. The full detailson
data collection and the rationale behind the use of
students in the study are described by Stempfle and
Badke-Schaub. Native German speakers with
mechanical engineering backgrounds trandated the
Bamberg Study transcriptsinto English for analysisby
the computational methods. These transcripts were
chosen to enable qualitative comparisons between the
results of our computational analysis methods with
previously published studies of these design teams
[14]. Such comparisons between computational
approaches and methods such as protocol analysiscan
support the validity of the rationale behind the
computational approaches describe above.

The team described in thisanalysisis Team 1102
which consisted of 6 participants (A-F) who
contributed 15%, 21%, 9%, 20%, 18% and 16% of the
content-bearing utterances. It is known that this team
exhibited a lack of strong conceptual coherence (J.
Stempfle, personal communication, January 22, 2004).

First, we present the analysis using the LSA
component of the AgoraProbe toolkit. In the analysis
shown in Fig. 1, al participants in a team were
analysed. It is evident from the figure that Participant
E, indicated by the (green) boxes, isnot contributing to
the construction of shared knowledge by the team.
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Fig. 1: Bamberg team with all participants analysed.

In other analyses [9], we have shown that
Participant D is the most influential person in this
group. Fig. 2 showsthe effect of removing this person



from the group. First, we can note that each
participants' knowledge coherence in relation to the
group’ sis more distant than before. Thiswould imply
that Participant D may have played a role in
connecting the group’s ideas. The participant may be
what Sonnenwald [15] described as an

“interdisciplinary star,” a knowledge integration role.
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Fig. 2: Bamberg team with influential member D removed.

For the information visualization module, the
AgoraProbe engine cal cul ates the information entropy
for each participant’ slinguistic input. Each participant
is then represented as a boid in a 3D space, as shown
inFig. 3. Along with atext indicating theidentity of the
participant, the visualization showsthe current va ue of
the information entropy.
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Fig. 3: Each team member is represented as a boid.

The overlap between the team members ideas
(calculated as information entropy values) is visible
when the sphere of influence is calculated and
displayed as ‘meshing’ as shown in Fig. 4.

When the participants are apparently smilar inthe
sense of the production of information (ideas), the
boids seem to flock. In Fig. 5, the boids are in the
process of flocking. Note that Participant D was
originally ‘far’ away from the team but isnow moving
towardsthe flock centre since the average value of the

flock is becoming closer to the information entropy
values of Participant D.

When afew participants have differing ideas, then
the boids will repel from the flock. In Fig. 6,
Participants D and F are moving away from the flock
to formanew flock whereasthetragjectory of A, B and
E are attempting to centre. Note that because
Participant C has values which are not close to the
valuesfor the centre of any flock, it movesinarandom
direction away from the flocks.
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Fig. 4: Boids with mesh shown to give further visual data
about spatial proximities.

Fig. 5: The boids move towards each other and flock.
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Fig. 6: The boids are moving away from the flock.



5. Discussion and futurework

In demonstrating the AgoraProbe toolkit, this
paper offerstwo main claims about the analysis of the
social dimension of teamwork. The first claim is
related to the computational analysis of the social
dimensions of teamwork. Computational systemscould
provide depictions of teamwork with sufficient social
lucidity to alow teams and team managers to
troubleshoot problems. An added dimension of this
work is that the analysis methods scale to deal with
very large corpora and very large design teams.
Neither is limited to keyword matching, and both
operate on the content of communication rather than
theflow of communication. Second, thetoolkit claims,
based on the principles of self-monitoring and
surveillance from persuasive computing, that making it
easy for team members to know how well they are
performing to the target behaviour and knowing that
others are observing how well they are performing to
the target behaviour may induce behavioural change
toward more effective teamwork. Thisclaimisnot yet
verified but evidence from similar systems show
promise.

However, one of the main assumptions of the
work, that semantic coherence is an indicator of team
cohesiveness and positive teamwork, is also its
strongest inadequacy. This analysis ignored any
influence that emotions or disagreements may have on
the performance of the design team. In other words, a
team may exhibit strong semantic coherence even
though the team is actually in disagreement. That is, a
conceptually coherent team may still not be cohesive.
To latent semantic analysis and Shannon’ sinformation
entropy model, the statements, “I want to design an
ergonomic dog backpack.” and “1 think we should not
design adog backpack.” are nearly equivalent interms
of semantic coherence and information entropy. Thus,
the layer of understanding that is currently missing is
an understanding of the sentiment expressed in thetext
alongside the semantics of the text.

Our future work is applying the computational
linguistic technique of sentiment analysis to design
team documentation to investigate how design teams
appraise in design documentation and what effect those
appraisals have on teamwork and the quality of the
design outcome. Understanding appraisals and how
these appraisals may communicate feelings of
belonging or group conflict isan important directionin
computationally assessing the social dynamics of
teamwork using language-based communication.
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