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1
Analysis of Small Groups

1.1 Introduction

Teams are key components of organizations, and although complexity
and scale are typical features of large institutions worldwide, much of
the work is still implemented by small groups. The small-group meeting,
where people discuss around the table, is pervasive and quintessential of
collaborative work. For many years now, this setting has been studied
in computing, with the goal of developing methods that automatically
analyze the interaction using both the spoken words and the nonverbal
channels as information sources. The current literature offers the possi-
bility of inferring key aspects of the interaction, ranging from personal
traits to hierarchies and other relational constructs, which in turn can be
used for a number of applications. Overall, this domain is rapidly evolv-
ing and studied in multiple sub-disciplines in computing and engineering
as well as the cognitive sciences.

We present a concise review of recent literature on computational
analysis of face-to-face small group interaction. Our goal is to provide
the reader with a quick pointer to work on analysis of conversational
dynamics, verticality in groups, personality of group members, and char-
acterization of groups as a whole, with a focus on nonverbal behavior as
information source. The value of the nonverbal channel (including voice,
face, and body) to infer high-level information about individuals has
been documented at length in psychology and communication (Knapp
and Hall (2009)) and is one of the main themes of this volume.

In the chapter, we include pointers to 100 publications appearing in
a variety of venues between 2009 and 2013 (discussions about earlier
work can found e.g. in Gatica-Perez (2009).) After a description of our
methodology (Section 1.2) and a basic quantitative analysis of this body
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of literature (Section 1.3), we select a few works, due to the limited
space, in each of the four aforementioned trends to illustrate the kind of
research questions, computational approaches, and current performance
available in the literature (Sections 1.4-1.7). Taken together, the existing
research on small group analysis is diverse in terms of goals and stud-
ied scenarios, relies on state-of-the-art techniques for behavioral feature
extraction to characterize group members from audio, visual, and other
sensor sources, and is still largely using standard machine learning tech-
niques as tools for computational inference of interaction-related vari-
ables of interest. In Section 1.8, we conclude the chapter by providing a
few words about what the future can bring in this domain.

1.2 Methodology

For this review, we limited the search for literature on the topic by the
following conditions:

1. Publications written in English from 2009 to 2013 (previous surveys
cover older literature (Gatica-Perez (2009)).

2. Papers strictly covering small groups, i.e., involving between three
and six conversational partners where all of them are human. This
condition therefore excludes literature using robots and agents in-
teracting with people, and literature involving only individuals (e.g.
lectures or self-presentations), dyads, and large groups.

3. Papers where strictly co-located, face-to-face interactions are studied.
This restriction thus leaves aside literature on computer-mediated
communication.

4. Papers where some form of sensor processing is done (e.g. audio,
video, or motion). This conditions thus excludes papers that focus on
analysis using only transcribed speech.

5. Original research work, rather than other review papers or that sum-
marize or revisit existing work.

With the above restrictions, a wide but non-exhaustive search of the
literature (using a combination of web searches for terms like “small-
group” and “multi-party” and publication venue-specific searches) was
conducted in the summer of 2013 and resulted in 100 papers, includ-
ing 25 journal papers and 75 conference/workshop papers. We then de-
fined seven classification areas that span most of the publication venues
where work in computational analysis of small groups with the above
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restrictions can found. The areas include Audio, Speech, and Language
(ASL, including venues like IEEE T-ASLP, ICASSP, Interspeech), Com-
puter Vision (CV, with venues like IVC, CVIU, CVPR, ICCV), Multi-
modal and Multimedia processing (MM, including venues like IEEE T-
MM, ICMI, MM), Human Computer Interaction (HCI, with venues like
CHI), Pattern Recognition and Machine Learning (PR, including venues
like TEEE T-PAMI, PR, PRL, ICPR), Behavioral, Affective, and Social
(BAS, with venues like IEEE T-AC, ACII, SocialCom, SSPW, HBU),
and Other (catching publications that could not be clearly associated to

any of the previous categories) 1.

1.3 Analysis of main trends

We analyze the trends based on the 100 technical references on small
group analysis that we have found based on the methodology described
in Section 1.2.

Figure 1.1(b) shows the distribution of the publications over time.
The number of publications on small group analysis seem to be stable
between 2009 - 2012 with around 20 publications per year. The figures
for 2013 is incomplete due to the date that this review was done. In
comparison to the period between 2001-2009, reported in Gatica-Perez
(2009), we see that there is an increase in the number of publications,
around 10 more publications per year, since 2009.

In Figure 1.1(a), we show the distribution of the papers per research
field. Almost half of the papers appeared in venues related to multimodal
and multimedia processing (column labeled MM in Figure 1.1(a)). This
effect might be partly biased by the active participation of the authors’
institution in these specific communities, but in general it should be seen
as a community effect. Roughly tied in the second place are ASL and
BAS. It is interesting that, while ASL is a classic domain, BAS corre-
sponds to publication venues that did not exist before 2009. In compar-
ison to the research disciplines covered for older work (e.g., reviewed in
Gatica-Perez (2006, 2009)), we see that more papers are published in
multimodal /multimedia venues, and that new venues emerge in parallel
to the growing interest on the analysis of social behavior in general and
of small groups in particular.

The collected papers investigate the small group interaction based on

1 For space reasons, we only provide the acronyms for each publication venue, but
we anticipate that the reader will be familiar with most of them
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Figure 1.1 Statistics of the 100 technical references on small group
analysis reviewed in this paper. (b) Distribution of papers over time
and (a) Distribution of papers over research field in journals, con-
ferences and workshops: audio, speech, language (ASL), computer
vision (CV), multimodal and multimedia processing (MM), human
computer interaction (HCI), pattern recognition and machine learn-
ing (PR), behavioral, affective, social (BAS), other.

audio and/or visual recordings through both verbal and nonverbal cues,
with a majority of them focusing on nonverbal cues only. As the review
did not include venues on NLP, the analysis of text based interaction in
small groups can be underrepresented.

We discuss the analysis of small groups in four categories of social
constructs, i.e., conversational dynamics, personality, roles-dominance-
leadership, and group level analysis. The first three categories look at
the social constructs of individuals in a small group setting. In the fourth
category, we review papers that focus on the group as a whole, rather
than the individuals in the group. In Table 1.1 we list the technical
references considered in this paper, grouped in these four categories.

1.4 Conversational dynamics

Conversations in groups involve multiple channels of communication and
complex coordination between the interacting parties. The communi-
cation process involves taking turns, addressing someone, yielding the
floor, and gesturing using head and hand to communicate or acknowl-
edge. Over a decade or so, several works have appeared to extract these
basic conversational signals and analyze them further to study the turn-
taking, gazing, and gesturing behavior in small groups.

Cristani et al. (2011) present a novel way of analyzing turn-taking
patterns by using a GMM model on durations of Steady Conversational
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Table 1.1 List of references for small group analysis in four main

categories

Conversational

dynamics

Ba and Odobez (2009); Baldwin et al. (2009); Bohus
and Horvitz (2009); Bousmalis et al. (2009); Chen and
Harper (2009); Germesin and Wilson (2009); Ishizuka
et al. (2009); de Kok and Heylen (2009); Kumano et al.
(2009); Lepri et al. (2009b); Otsuka et al. (2009); Vin-
ciarelli (2009); Bachour et al. (2010); Gorga and Otsuka
(2010); Subramanian et al. (2010); Sumi et al. (2010); Va-
lente and Vinciarelli (2010); Voit and Stiefelhagen (2010);
Ba and Odobez (2011a,b); Bohus and Horvitz (2011);
Bousmalis et al. (2011); Campbell et al. (2011); Cristani
et al. (2011); Kumano et al. (2011); Wang et al. (2011);
Angus et al. (2012); Bruning et al. (2012); Debras and
Cienki (2012); Kim et al. (2012a,b); Noulas et al. (2012);
Otsuka and Inoue (2012); Pesarin et al. (2012); Prabhakar
and Rehg (2012); Rehg et al. (2012); Song et al. (2012);
Vinyals et al. (2012); Bousmalis et al. (2013a,b)

Verticality

and Roles

Favre et al. (2009); Raducanu and Gatica-Perez (2009);
Salamin et al. (2009); Aran and Gatica-Perez (2010);
Aran et al. (2010); Charfuelan et al. (2010); Escalera
et al. (2010); Glowinski et al. (2010); Hung and Chit-
taranjan (2010); Poggi and D’Errico (2010); Raducanu
and Gatica-Perez (2010); Salamin et al. (2010); Sanchez-
Cortes et al. (2010); Valente and Vinciarelli (2010); Varni
et al. (2010); Charfuelan and Schroder (2011); Hung et al.
(2011); Kalimeri et al. (2011); Raiman et al. (2011);
Sanchez-Cortes et al. (2011); Schoenenberg et al. (2011);
Vinciarelli et al. (2011a,b); Wilson and Hofer (2011);
Feese et al. (2012); Hadsell et al. (2012); Kalimeri et al.
(2012); Nakano and Fukuhara (2012); Salamin and Vin-
ciarelli (2012); Sanchez-Cortes et al. (2012a,b); Wollmer
et al. (2012); Wang et al. (2012); Dong et al. (2013);
Ramanathan et al. (2013); Sapru and Bourlard (2013);
Suzuki et al. (2013)

Personality

Lepri et al. (2009a, 2010a,b); Staiano et al. (2011a,b);
Lepri et al. (2012); Aran and Gatica-Perez (2013a,b); Pi-
anesi (2013)

Group
analysis

level

Camurri et al. (2009); Dai et al. (2009); Jayagopi and
Gatica-Perez (2009); Jayagopi et al. (2009a); Kim and
Pentland (2009); Dong and Pentland (2010); Hung and
Gatica-Perez (2010); Jayagopi and Gatica-Perez (2010);
Subramanian et al. (2010); Woolley et al. (2010); Bonin
et al. (2012); Dong et al. (2012a,b); Jayagopi et al. (2012);
La Fond et al. (2012)
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Period (SCP) and then use the discrete cluster classes as observed states
of an influence model (Basu et al. (2001)). These low level features are
shown to be indeed useful to capture the conversational dynamics by
using them to improve the state-of-the-art for classifying roles in group
meetings. The authors also argue that SCPs are better than prosodic or
phonetic features, used in state-of-the-art algorithms for speech analysis.
In this paper, results on role classification on the AMI dataset (Carletta
et al. (2005)) are shown to improve w.r.t. an existing baseline with a
final accuracy of 90%, with 98 meetings to train, 20 to validate, and 20
to test. The generative approach proposed in the paper has applications
in turn-taking decisions for multi-party embodied conversational agents.
Angus et al. (2012), on the other hand, approach the problem of
modeling the coupling in human-human communication by quantifying
multi-participant recurrence. The words spoken in utterance by a partici-
pant are used to estimate the coupling between utterances, both from the
same participant as well as other participants. The work proposes a set
of multi-participant recurrence metrics to quantify topic usage patterns
in human communication data. The technique can be used to monitor
the level of topic consistency between participants; the timing of state
changes for the participants as a result of changes in topic focus; and,
patterns of topic proposal, reflection, and repetition. Finally, as an inter-
esting test case, the work analyzes a dataset consisting of a conversation
in a aircraft, involved in an emergency situation. Some of the studied
metrics include short-term and long-term topic introduction, repetition,
and consistency. The participants involved in this dataset included the
captain, first officer, jumpseat captain, ground staff, and others.
Baldwin et al. (2009) study communicative hand gestures for coref-
erence identification, for example, when someone says “you want this”
and gestures at a certain speaker, to automatically infer the intention of
the speaker, and to undertand whom ‘you’ refers to in this multiparty
context. They approach this problem by first formulating a binary clas-
sification task to determine if a gesture is communicative or not. Then,
every communicative gesture is used to identify if two different linguis-
tic referring expressions actually refer to the same person or object. A
diverse set of features that included text, dialogue, and gesture infor-
mation were used for this task. For this study, a total of six meetings
from the Augmented Multi-party Interaction (AMI) data were used with
242 annotated gestures and 1790 referring expressions. The results show
that the best accuracy to classify if a gesture is communicative or not,
is close to 87% and features such as the duration of the gesture are use-
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ful. Also, gestures are shown to improve the performance of coreference
identification.

Taken together, the recent literature on conversational analysis show
that this area is active, and many open issues remain towards a holistic
understanding of the conversational processes. Extracting and analyzing
nonverbal and verbal behavior is the basis for all subsequent inferences
about individuals and groups.

1.5 Verticality

A second trend in the literature relates to aspects of structure in groups,
whether vertical (which in the social psychology literature (Hall et al.
(2005)) includes aspects like dominance, status, and leadership) or not
(e.g. structure defined by specific roles played by the group members.) In
this section, we discuss a few representative works focused on the vertical
dimension of interaction, more specifically dominance and leadership (for
space reasons, we omit discussions on other aspects of structure like roles,
mentioned in Table 1.1.) Dominance can be seen as a manifest act to
control others, as a personality trait that elicits such behavior, or as a
control behavioral outcome (Dunbar and Burgoon (2005)). Leadership,
on the other hand, includes both emerging phenomena and styles related
to managing and directing a team (Stein (1975)).

Dominance in small groups was originally studied in computing in
the mid 2000s, in works like Rienks and Heylen (2005) and Hung et al.
(2007). In the last five years, this line of research has been expanded,
among others, by Charfuelan et al. (2010). This particular work used
the popular Augmented Multi-party Interaction (AMI) scenario meet-
ing data. The AMI data corresponds to five-minute slices of four-person
meetings involving people playing a role-based design scenario. A sub-
corpus was originally annotated for perceived dominance rankings (from
most to least dominant) in Jayagopi et al. (2009b). The goal in Charfu-
elan et al. (2010) was to investigate whether certain prosody and voice
quality signals would be characteristic of most and least dominant in-
dividuals. Using a variety of acoustic cues extracted from close-talk mi-
crophones and using principal component analysis, the study found that
most dominant people tend to speak ”louder-than-average voice quality”
and, conversely, least dominant people speak with ”softer-than-average
voice quality”. It is important to notice that rather than trying to auto-
matically classify most and least dominant people, this study was inter-
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ested in identifying acoustic cues useful to synthesize expressive speech
corresponding to such social situations. In a subsequent work Charfuelan
and Schroder (2011), the same authors applied a similar methodology to
two constructs other than dominance, namely speaker roles and dialog
acts.

A second construct of interest is leadership. We discuss two varia-
tions of this theme found in the recent literature. The first one is emer-
gent leadership, a phenomenon occurring among people who are not
acquainted previously to an interaction, in which one of the interactors
raises among the others through the interaction itself. One of the first
published works is Sanchez-Cortes et al. (2012a), which proposed to iden-
tify the emergent leader in a three- to four-person group using a variety
of nonverbal cues, including prosody, speaking activity (extracted from
a commercial microphone array), and visual activity (estimated from
webcam video). The setting is the Winter Survival task - a well known
design in psychology to study this phenomenon, in which participants
are asked to identify their leader as part of administered questionnaires.
Using standard machine learning techniques, this work reported between
72 and 85% of correct identification of the emergent leader on a corpus
of 40 group meetings (148 subjects) for various modalities and classifi-
cation techniques. Through the analysis of the questionnaires, this work
also found a correlation between the perception of emergent leadership
and dominance.

The other variation is that of leadership styles, which was studied
in Feese et al. (2012). Specifically, two contrasting styles in terms of
how the leader interacts with the team (authoritarian or considerate)
were elicited in a simulated staff selection scenario involving three-person
groups, with one of them being the designated leader. A corpus of 44
group discussions was recorded with sensor-shirts. i.e., shirts equipped
with Inertial Measurement Units (IMUs) containing accelerometer, gy-
roscope, and magnetic field sensors. A number of nonverbal body cues
were manually annotated and extracted from the IMU sensors, includ-
ing some measures of behavioral mimicry. This work did not attempt
to classify leadership styles, but rather to identify nonverbal features
that were significantly different between the two types of leaders. As
main results, it was found that authoritarian leaders tend to move their
arms more often than considerate ones, and that considerate leaders im-
itate posture changes and head nods of team members more often than
authoritarian ones.

The three examples discussed above show the active interest in un-
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derstanding and discriminating social constructs related to verticality.
It also shows that while current results are promising, additional work
is needed to replicate and validate these findings in other settings. A
variable closely related to social verticality is the personality of team
members. As a closely connected subject, this is discussed in the next
section.

1.6 Personality

The automatic analysis of personality has been addressed in a num-
ber of works in social computing literature in the last decade. While
most works have looked at self-presentations where the individual is the
only interacting person, few works also looked at predicting personal-
ity of individuals when they interact with others in small groups. The
Big-Five model has been the most commonly used model, which factors
personality into five different traits (extraversion, agreeableness, consci-
entiousness, emotional stability, and openness to experience). Among
these traits, extraversion has been the one relatively easier to predict,
especially in conversational settings. Several audio-visual nonverbal cues
have been used and shown to be relatively effective in inferring extraver-
sion. The inference problem can be either formulated as a regression task
based on the personality trait scores or as a classification task by quantiz-
ing the scores into two or more classes. For the ground truth annotation
of personality, current works either use self-reported personality (i.e. the
personality of an individual as seen by self) or externally observed (i.e.
how the individual is seen by others, also known as impressions.)

Lepri et al. (2012) investigated the automatic classification of the ex-
traversion trait based on meeting behavior, such as speaking time and
social attention. They used self-reported personality annotations and in-
vestigated the effect of speaking time and social attention as indicators
of extraversion based on a thin-slice analysis. Their approach achieved
a maximum accuracy of 69% using manually extracted features, and
61% using automatically extracted features with a support vector ma-
chine classifier. Their results show that for predicting extraversion, in
addition to the target’s behavior, the behavior of others in the group
should be taken into account. The speaking time or the attention of the
target alone did not yield significant accuracies. Besides studying social
context in the form of others’ behavior, the authors also investigated
whether the group composition had any affect on the classification accu-
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racy. They found no significant difference between group variance, and
thus concluded that accuracy variability is entirely due to differences
among subjects.

Recently, Aran and Gatica-Perez (2013a) studied the inference of per-
sonality in cross-domain settings. While collecting data that contains
natural face-to-face interaction in everyday life is challenging, social me-
dia sites provide a vast amount of human behavioral data. In this study,
the authors investigate a cross-domain setting where they used conversa-
tional vlogs downloaded from YouTube as the source domain, and video
recordings of individuals taken from a small group meeting as the target
domain, with personality annotations obtained from external observers.
Their results show that, for predicting the extraversion trait, a model
learned over body activity cues on conversational vlog data can be useful
in a transfer learning setting with face-to-face interaction in small groups
as the target domain. The method achieves up to 70% of accuracy in a
binary extraversion classification task, by using the source domain data
and as few as ten examples from the target data with visual only cues.

While personality is considered to be a stable characteristic of a per-
son, the behavior of people is variable. Although one approach is to
consider this variability as noise, another approach would be to use this
information to better understand the relationship between personality
and behavior. Pianesi (2013) discusses this fact and suggests the charac-
terization of behavior of people in the form of personality states, repre-
senting each personality dimension as a distribution of these states. On a
similar point, recently, Aran and Gatica-Perez (2013b) also investigated
whether thin-slice personality impressions of external observers gener-
alize to the full-meeting behavior of individuals, using a computational
setting to predict trait impressions.

In summary, many recent works on the automatic analysis of person-
ality in small groups have focused on the inference of personality of an
individual interacting in a group of people, and investigated links be-
tween the personality of an individual and the behavior of the other
group members. Another research problem is how the characteristics of
individuals can affect group formation and interaction. In the next sec-
tion, we review works that conceptualize groups as units and characterize
a group based on the collective behavior of its members.
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1.7 Group Characterization

The last thread of work discussed in the chapter is the modeling of col-
lective aspects of groups. A seminal work in this direction is the work on
Collective Intelligence by Woolley et al. (2010), which showed how the
emergent properties of group intelligence is quite different from the in-
telligence of the group members. Collective Intelligence is a factor that
explains why some groups that do well on a certain task are good at
many other tasks (similar to the general intelligence factor of individ-
uals.) The authors show that the Collective Intelligence of a group is
uncorrelated with the average or maximum intelligence of the group
members. On the contrary, it is shown to be correlated with the commu-
nication patterns of the group (particularly egalitarian turn-taking) and
the compostion of the group (specifically group with socially-sensitive
individuals / more females). This study was conducted with 107 groups,
involving 699 people. Wearable badges were used for sensing on a subset
of the full dataset (46 groups), particularly to compute the speaking turn
distribution. The group tasks were selected from the McGrath Task Cir-
cumplex, which included brainstorming, planning, and reasoning tasks.
This work establishes the role of group communication on group perfor-
mance.

With a different goal, Jayagopi et al. (2012) explored the relationship
between several automatically extracted group communication patterns
and group constructs such as group composition, group interpersonal
perception, and group performance. The work proposed a way of char-
acterizing groups by clustering the extracted looking and turn-taking
patterns of a group as a whole. The work defined a bag of nonverbal
patterns (Bag-of-NVPs) to discretize the group looking and speaking
cues. The clusters learnt using the Latent Dirichlet Allocation (LDA)
topic model (Blei et al. (2003)), were then interpreted by studying the
correlations with the group constructs. Data from eighteen four-people
groups was used in this study (a subset of the Emergent Leadership
(ELEA) corpus Sanchez-Cortes et al. (2010).) The groups were unac-
quainted and performed the Winter Survival task. Big-Five Personality
traits were used to characterize group composition. Group interpersonal
perception questionnaires measured dominance, leadership, liking, and
competence. The Survival Task also generates a measure of performance
for each group. Several insights about groups were found in this study.
The work showed groups with top-two person hierarchy, participated
less, while groups without this hierachy participated more. Introverted
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groups looked at the meeting table more often. Finally, groups which
were known to perform better on the task had a competent person as
part of their team, and also had more converging gaze on this person
during their interaction.

La Fond et al. (2012) approached the problem of group characteri-
zation by analyzing who-replies-to-whom patterns, which were manu-
ally transcribed. Groups were classified as hub, outlier, and equal types.
Similarly, individuals were assigned hub, spoke, outlier, and equal roles.
Interestingly, those individuals identified as hub were more assertive,
while outliers were not. The groups consisted of three to four individ-
uals solving logic problems. They participated in two phases. The first
phase was a distributed session (an online chat session) and the second
phase was a face-to-face interaction. In the distributed phase, there were
79 groups of size three and 48 groups of size four, while the face-to-face
phase had 27 groups of size three and 35 groups of size four. After the
session, the participants evaluated the traits and performance of each
member (including themselves), as well as the performance of the group
as a whole. The participants evaluated the performance of the group,
which included ratings on group cohesion, effectiveness, productivity,
trustworthiness, and satisfaction. Models to predict these group evalua-
tion measures using Linear Regression and Decision Trees were learned
and tested. The results showed that group effectiveness and trust could
be predicted with above 80% accuracy using a Decision Tree classifier.

As a final example, Hung and Gatica-Perez (2010) focused on esti-
mating group cohesion using turn-taking and motion analysis. The work
defined several turn-taking features. Compressed-domain motion activ-
ity features, which are computationally lighter as compared to pixel-
domain features were used to define analogous ”motion turn-taking”
features. Group cohesion, unlike the work by La Fond et al. (2012), was
defined through external perception or impressions. For the study, 120
two-minute slices of four-people group interaction of the AMI corpus
were used. Three annotators answered 27 questions about social and
task cohesion. After an analysis of inter-annotator agreement, 61 two-
minute slices with 50 high-cohesion score and 11 low-cohesion score with
sufficient agreement were used for classification experiments. Accuracies
of the order of 90% was achieved on this cohesion classification task.

Overall, the automatic characterization of groups as units is an area
for which we anticipate more work in the future, as many open issues
need to be addressed. One of them is the need to significantly increase the
size of the data sets used for analysis in order to reach more significant
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conclusions. A second issue is the need to generalize the initial results
discussed here across conversational contexts or even cultures. Another
direction is in studying nonverbal and verbal behavioral differences be-
tween collocated and distributed groups (as in La Fond et al. (2012)), as
remote groups interactions have become commonplace. This direction
would obviously have links to the literature in Computed-Supported
Collaborative Work (CSCW).

1.8 Conclusions and Outlook

In this chapter, we presented a succinct review of the literature on face-
to-face small group interaction analysis. From an initial pool of a hun-
dred papers published in the 2009-2013 period, we selected a number
of works that illustrate four of the main research trends (conversational
dynamics, verticality, personality, and group characterization.) We then
briefly discussed the kind of research tasks and approaches that have
been proposed using a few illustrative examples for each trend. The
review shows that the body of research has grown in numbers in com-
parison to the previous decade, that it has diversified in terms of goals,
and that approaches have gained sophistication in terms of methods to
extract behavioral features. In contrast, recent research has made rela-
tively less progress with respect to new computational modeling tools
for recognition and discovery tasks: most of the existing work still uses
relatively standard machine learning methodologies for automatic infer-
ence.

We have argued elsewhere (see Gatica-Perez et al. (2012)) that the
future of this area will be shaped by progress along two axes: sens-
ing and modeling. Sensing, literally and metaphorically speaking, is in
front of our eyes: smartphones, wearable devices like Google Glass, An-
droid Wear, and Samsung Galaxy Gear, and gaming platforms like Mi-
crosoft’s XBox One will all give the possibility of sensing interaction
quasi-continuously and with higher degree of accuracy than currently
possible. While the sensing functionalities will continue to advance, a
fundamental point for practical applications is acceptability, both in-
dividual and social. There are (and there should be) ethical and legal
bounds to recording interaction data. These limits, however, are often
not consistent across countries or often not respected; the many stories
in the media about privacy intrusion certainly point in the wrong direc-
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tion. We anticipate privacy to become a much larger research issue in
group interaction analysis in the near future.

The second axis is modeling. The possibility of recording interaction
in real situations, as enabled by new sensing platforms, will call for
methods that integrate both the temporal dimension and the new data
scales that will be generated. Regarding time, essentially all of the work
discussed in this chapter has examined short-lived interactions, although
we know that teams in the real world do not work that way. Methods
that are capable of discovering how teams in organizations perform and
evolve over weeks, months, or years are needed and likely to appear
in the future (existing examples include Olguin et al. (2009); Do and
Gatica-Perez (2011)). As a second issue, data scale should also boost
new ways of thinking about small group research, moving beyond the
small-data-for-small-groups current research trends. It is not hard to
anticipate that a big data version of small group research will emerge
given the combination of new sensing and modeling methodologies.
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