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Abstract

Behavioral observation of teams is critical notydiolr team research, but also for leadership trgmitiowever,
most current behavior observation methods useghim tresearch often rely on manual video annotatiaah is
time consuming and thus costly. In our work, wedofwl a sensor-based approach to automatically extrac
important pattern that capture conversational sirec Relying on automatic speaker detection froaitipie
microphones, we first employ a rule-based clustetim measure the proportions of typical conversatio
regimes taking place in a conversation and extendreihod to learn more complex regimes from datagusi
finite mixture models. Furthermore, we investigthe use of motion activity cues extracted from wmwoti
sensors. We apply our methods to a recent studgaatership in small groups and show how team mg=tian

be characterized.

Introduction

Conversation regimes characterize who speaks with whom in thsecoia conversation. Typical pattern that
can occur in a three person meeting are monoladpgliand chat. In monologs, only one person spediie
other persons listen, whereas in dialogs two parspeak in an alternating manner. In the Chat regilinthree
persons participate in the part of the conversadimh talk equally much. For a three person meetihgossible
combinations are illustrated in the top line of g 2.

In this work we will focus on clustering such corsation patterns from audio recordings in a meetitgnario
including three participants. We will first emplayrule-based clustering to illustrate the bendfitlastering.

Second, we will use Gaussian Mixture Models to elusbnversational slices that are described byctpeges
in order to capture more of the conversational dyina. Additional to the speech modality, we appig t
clustering method to motion data.

Related Work

Previous work on automatic analysis of social @téons in small groups dealt with automatic infee of
conversation structure, analysis of social attenéind the detection of personality traits and rofegeview on

the on the topic can be found in [1]. These worksthy relied on computer vision based techniquesspeech
related cues such as speaking length, speaker anchsiumber of interruptions. Conversational pagidrave
been discovered using topic models in [2] and csat®nal scenes have been modeled with Dynamie8ay
Networks in [3]. Wearable sensors in form of soctmc badges have been employed by Pentland and
collaborators to measure 'honest signals" in déifiy [4]. In addition to speech activity cues as ], [we
investigate motion activity cues extracted fromedaeasured with on-body motion sensors.

Methods

The complete processing chain is illustrated inufégl. Speaker diarization was performed by emptpy
threshold based approach. On a sliding window {leng5~ms; step size: 10~ms) the signal energy was
calculated for each group member. Speech was detédtee energy difference between the group messtbher
energy value and the mean value of the other groembers was greater than an empirically set thtgsho
Speech activity segments shorter than 30~ms wene ttmoved and segments of the same speaker within
1000~ms were merged.
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Figure 1. Processing steps.

11

To summarize the speech status of each group memleraotwo minute period conversational slices are
extracted. Based on the speech activity cues proposed in [2], we eafoulaach slice the following speech
activity cues: total speaking time, number of shdtérances as well as median and inter-quartitgeaf the
turn duration. We choose two minute slices becdusesembles a rough minimum of a dialog lengtlong
assumes that one speech act is about 30 secoleagyth and that it requires a minimum of two alégimg turns

of each person.

For the rule-based clustering, we only use the sp@aking time of each group member per conversational slice.
We define seven clusters that correspond to theersational regimes monolog, dialog and chat devist In a
monolog one group member speaks more as twice al asieach other group member, in a dialog twopyrou
members speak more as twice as the third group memberTdéecbhat regime captures all other cases.

In order to incorporate more of the discussion dyica, we also learn Gaussian Mixture Models witlkk
between 1 and 10) mixture components using for gastip member the above mentioned speech activéyg c
as observed data. The emission probabilities ardetad as single 12 dimensional Gaussians with delgon
covariance and all model parameters are learned with the Etxpedéaximization Algorithm (see [5] for more
on mixture models).

One important parameter to estimate is the numberixdure components, which we assume to be equtie
number of clusters in the data. As we are intedestelusterings that are most reliable against nioiske data,
we follow a resampling approach to evaluate clustbility for a different number of components. Afaploy
the cluster stability criterion presented in [6]ieth measures the similarity of clustering solutighat were
obtained on random subsets of the data to the spltliat was obtained on the complete data set.

The principle of clustering conversational slices be generalized to other modalities. As an exeywg show
how the method can be used to discover conversdtmuasters from motion data. Analogous to aboweshe
conversational slice can be represented through af snotion activity cues which simply capture #ugivity of
each body limb in terms of movement time and thebmmof short movements.

Data Set

We apply the clustering methods to a recent study on leadershgwibr [7] in which groups of three
participants were led by two different types ofdees. Fifty-five groups were asked to work on alkiatprofile
decision making task to rank four fictive candigateith regard to their suitability for an open jpbsition.
Under the guidance of the group leader, the gragptb discuss the suitability of each candidateagrée on a
rank order which served as a measure of group peafoce. Groups with an individually considerate leader who
encouraged all team members to contribute to theiso achieved a higher performance as opposepdops
that were lead authoritarian.

In the experiment each group member was equippéu aviseparate clip-on lapel microphone to recoed th
speech of all group members (sampling frequency KM4z). Additionally, the upper body motion of eagtoup
member was captured with six inertial measuremaiis (XSens MTx) which were located on the lowengy
the back and the head (sampling frequency 32 IHzptal, the data set contains 44 group discusgithgroups
were led authoritarian and 18 with individual calesation) with three participants each. Our dataatals to
over 15 hours of discussion time.

Proceedings of Measuring Behavior 2012 (Utrecht, The NetherlandsisAR8-31, 201z
Eds. A.J. Spink, F. Grieco, O.E. Krips, L.W.S. Loijens, L.P.J.J. Noldus, and ParheZmal 36¢



. | I
O @) [e) [®) O [e) O& O O t§]O 00 O@@@O
(@] O @) (@] (@) (@) (@]
P1 P3 P1P2 P1P3 P1P2 P1P2P3
2/3 3
1/3 LH 1/ H >|_I 1/3 1/
o 1 I [ |_||—| |_| o 0
12 3 12 3 12 3 12 3 12 3

@@@@@@@
R T




Il

: oo -=

oono

10

5 6 7 8
Number of clusters k

4

3

6 7
Number of clusters k

5

4




