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1. Problem and Motivation

In this paper, we analyze online communities ingblto extract
and characterize their representatikey groups. Tracking
communication in online communities has been oéregdt to a
wide spectrum of applications in recent times. Eayporations
are interested in understanding share-holder sentinwith
respect to product releases, as well as identift’ ‘points of
resource consumption in a network of users. Howeahough
communities usually exhibit coherence in commumdcatsome
groups might have properties deviated from the aller
community. Hence to track the activities of the ralle
community, it is useful to identify a subset of gps within the
community askey groups. Moreover, it is more cost effective to
track a small set of representative groups ovee tinstead of the
entire community.
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Figure 1: Conceptual representation of groups (white circies)
key groups (shaded circles) in a community of ifdiials.

We define key groups to be a set of representaffeeps in a
community which capture its overall context and toatent of
communication. A key group therefore should haveo tw
characteristics: (a) at a certain time intervakhbuld be able to
draw individuals from a large number of groupstie past, and
(b) its communication should be aligned to the cemitation of
the overall community. A conceptual representatioh a
community consisting of several individuals hasrbsaown in
Figure 1, along with their group representationsubset of the
groups (shaded circles) comprises the key groups.

In the following sections, we discuss our approaxitackle the
problem of identifying key groups, followed by some
experimental results and analysis.

2. Our Approach
There are two parts to our approach: extractingiggoat each
time interval, and identifying a subset of groupse key, based

on a set of characteristics that capture the cores content of
communication in the community.

2.1 Group Extraction
We use a set of communication based features tesept each
individual in the community, and then use an unsuped
method of group extraction.

Communication features of individuals should refleither their
communication activity in the past, or their ingio habits of
communication. We consider a three-dimensional viggti
characterization per individual: responsivity, paApation and
impact. The second type of feature captures thisgit habits of
the individualu in communication -u is a ‘leader’ if several
others write comments and replies following herilevhu is a
‘follower’ if she is observed to follow several etis.

We then extract groups using the group extractigordahm [2]
known as ‘mutual awareness expansion’ (MAE) overhetime
intervalt;.

2.2 Key Group Characterization

To characterize key groups at a certain time irtlewe need to
compute two measures per group: ¢amposition entropyand
(b) topic divergence

The measure of subscription of the composing inldigls in a
group g at t; with respect to their subscription to groups ie th
previous time interval. , is given by its composition entropy:

2 (- ool Hlog i dl ).

Glna.
wherep(glh) gives the fraction of the number of individualaav
are in group att; given they had been in grobyat time slice;. ;.
Obviously, when the composition entropy of indivadki in a
particular group at; is very high, with respect to all groupstiat,
the group can be considered to be a key group.
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Next we characterize the topic distributions of igge and the
topic distribution of the overall community at eatine interval.
To model topic distributions of groups and commyiag a whole,
we represent the communication content i.e. comsramd replies
as a bag-of-words, (for groupg). We assume that the words jn
are generated froMN multinomial topic models 1, o, ..., n

whose distributions are hidden to us. A word cangbgeerated
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either due to the content of communicatigir the time indicator
t:
N
p(w:/g,0)=  p(wg ¥ 4.1), @)
j=1
wherew is a word in g and ; is thej'" topic. The unknown topic
distribution parameters, ¢, ..., *, can now be learnt by
maximizing the log likelihood over the entire calien, based on
the EM algorithm. We can now compute the topicritigtion Qg
of group g att;. Note, the topic distributior®; of the overall
communication set at; can be similarly determined. The
divergenced(g) of topic distribution of groug from that of the
overall community is given by the KL-divergence@f; from Q..
Finally in our framework, the groups with optimakasures of
both the characteristics, composition entropy apictdivergence
are considered key groups.

3. Experiments
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Figure 2: Visualization of groups (circles) and key groups
(shaded circles) in two communities.

We tested our framework on a dataset crawled floenpopular
technology blog Engadget [1], comprising 78,740ivithials
with 4,580,256 comments and replies between MagdLAugust
31, 2008. The dataset was organized into commsnéieng
names of two technology companies — ‘Apple’ andcidsoft’,
based on the tags associated with the blog posts.

The results of experiments conducted on this datamee been
shown in Figure 2. The visualizations show the dyica of key
groups based on their mean composition entropy tamic

divergence for the two communities, Apple and Msof over a
period of 15 weeks.

We observe that the mean composition entropy isesavith
respect to significant company related events (basethe NY
Times website); and topic divergence decreases tdusuch
events. This is because during significant compaigted
happenings, individuals from different groups giravious week
are likely to get interested in discussing the évamd thereby
subscribe to the key groups at the current weekdiyig high
composition entropy. Low topic divergence duringngficant
happenings is also meaningful because most indilsdare likely
to communicate on the event, yielding groups withssantially
low topic divergence. Hence we observe that ourhobtof
extraction and characterization of key groups imewnities is
meaningful as they can capture overall dynamics tloé
communities over time.

4. Conclusions

We characterized online communities in blogs toraett and
characterize their representative key groups. Wedgcted
extensive experiments on a popular blog, Engadghtexcellent
qualitative results. We observed qualitatively ttiet key groups
are able to capture the dynamics in the commu@ity.results are
promising and sentiment detection in communicat®reraging
the properties of the key groups can be an iniegestirection
towards future work.
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