Chapter 4
DISSECT: Data-Intensive Socially Similar
Evolving Community Tracker

Alvin Chin and Mark Chignell

Abstract This chapter examines the problem of tracking community in social
networks inferred from online interactions by tracking evolution of known
subgroups over time. Finding subgroups within social networks is important for
understanding and possibly influencing the formation and evolution of online com-
munities. A variety of approaches have been suggested to address this problem
and the corresponding research literature on centrality, clustering, and optimization
methods for finding subgroupings is reviewed. This review will include a critical
analysis of the limitations of past approaches. The focus of the chapter will then
turn to novel methods for tracking online community interaction. First, the method
proposed by Chin and Chignell called SCAN will be briefly introduced, where a
combination of heuristic methods is used to identify subgroups in a manner that can
potentially scale up to very large social networks. Then, we present the DISSECT
method where multiple known subgroups within a social network are tracked in
terms of similarity-based cohesiveness over time. The DISSECT method relies on
cluster analysis of snapshots of network activity at different points in time followed
by similarity analysis of subgroup evolution over successive time periods. The
DISSECT method can be supplemented with behavioral measures of sense of com-
munity where administration of a questionnaire is feasible. Finally, we conclude the
chapter with a discussion on possible applications and use of the DISSECT method.
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4.1 Introduction

For many people and organizations, the Internet has become a place where
communication interactions occur, supplanting part of the functionality of face-
to-face meetings and group interactions. With the growth of social networking on
the Internet and Web 2.0 functions such as blogging, social tagging, and video
sharing, more and more information is becoming available online about how people
interact and with whom. Vast social hypertexts [36] are forming on the World Wide
Web as networks of documents are increasingly being connected explicitly and
implicitly to networks of people, and on a grand scale. Rich online social networks
may be inferred relatively easily from blogs, Web forums, e-mail, and the emer-
gence of Web 2.0 [86]. Web sites incorporating around tags, social bookmarks,
podcasts, and mashups are examples of social hypertexts, where Web pages are
nodes in a social network and hyperlinks between pages form links (relationships)
between the nodes [21]. Feedback on Web pages foster online conversation, creating
explicit links between authors and readers. It is now possible to infer social behav-
ior from studying the relationships between nodes and patterns of communication
that are formed from these communication media, using social network analysis
[46]. As people communicate with each other through networks of interconnected
Web pages, common ties may be established and social interactions may develop
[8,31,38,61,93, 115], leading in some cases to a sense of virtual community [8]
that may sometimes be analogous to the sense of community that people develop in
physical environments [17].

When analyzing the social networks formed from online interaction, the focus
can be on using graph structure (nodes and links) or on semantics (content analysis
and text analysis). Previous research has shown that cohesive subgroups form com-
munities of interest [29], have weak ties [46], and have cohesive bonds that bring
people together [90]. Research on finding cohesive subgroups of online interactions
within social networks remains an interesting and open issue.

Finding cohesive subgroups can be used as a first step to identify communities of
interest that people belong to. Tags can then be assigned to the subgroups by using
semantic analysis to form meta-tags that describe the interests or the expertise of a
group of people. The assigned tags can then be used for activities such as marketing
research, advertising, and expertise location. For instance, someone who seems to be
actively involved in a number of communities involving Linux and its applications
is likely to have expertise that is relevant to Linux problems, or to know someone
else who has that expertise.

Online social networks evolve over time, and research has looked into the tempo-
ral aspects of social networks changing over time (e.g. [72, 100]). It has been found
that groups discovered in social networks differ in their cohesiveness or bonding
[90], which can be in time or space. Since online social networks have time inherent
in their structure, cohesive subgroups can be defined as those that are similar over
time based on Social Identity Theory [103] where group members feel closer if they
are similar to each other. Cohesive subgroups can also be considered as optimum
subgroups by calculating the optimum number of clusters [62], modularity [85], or
optimizing graphs [104]. Similarity measures are used in our research to assess the
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cohesiveness of subgroups. Since they explicitly consider changes in subgroupings
over time, similar measures take into account network membership dynamics in the
social network. Different types of similar measures can be constructed depending
on the particular network dynamics observed.

This chapter addresses the problem of tracking community in social networks in-
ferred from online interactions, by expanding on the problem of finding subgroups
initially explored through the SCAN method [22] and addressing the limitations of
the SCAN method. The first section of the chapter provides the literature review of
research that can be used for finding subgroups for tracking community. This forms
the basis for the creation and explanation of our SCAN method in the second sec-
tion, which addresses the drawbacks of previous research. In addition, we describe
the applications and limitations of the SCAN method. This results in the creation
of a new framework called Data-Intensive Socially Similar Evolving Community
Tracker or DISSECT as described in the third section, where multiple known sub-
groups within a social network are tracked in terms of similarity-based cohesiveness
over time. We also discuss the implications of DISSECT for community evolution,
and the evaluation of DISSECT using behavioral measures. Practical applications
of the DISSECT approach in expertise location, marketing, and information search
are discussed in the conclusions section of the chapter.

4.2 Finding Subgroups for Tracking Community

In this section, we review previous literature on finding subgroups in social net-
works. This work can be differentiated according to the different types of measure
or structure that are targeted: centrality, cohesive subgroups and clustering, and
similarity.

4.2.1 Centrality

Network centrality (or centrality) [44] is used to identify the most important/active
people at the center of a network or those that are well connected. Numerous cen-
trality measures such as degree [40,45,79, 116], closeness [19,70,75], betweenness
[30,47,49,57,76,85,106,108], information [25,26,42], eigenvector [37,84,95], and
dependence centrality [78,79] have been used for characterizing the social behavior
and connectedness of nodes within networks. The logic of using centrality measures
is that people who are actively involved in one or more subgroups will generally
score higher with respect to centrality scores for the corresponding network.

Researchers have compared and contrasted centrality measures in various social
networks (e.g. [19, 34, 66, 80]), however three centrality measures which have been
referred to the most with respect to subgroup membership are degree, closeness, and
betweenness centrality.
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Degree centrality [44] measures the number of direct connections that an
individual node has to other nodes within a network. Nodes with high degree
centrality have been shown to be more active [45] and influential [79]. Degree
distribution has been used to visualize the role of nodes within subgroups [116].
Closeness centrality [44] measures how many steps on average it takes for an indi-
vidual node to reach every other node in the network. In principle, nodes with high
closeness centrality should be able to connect more efficiently or easily with other
nodes, making them more likely to participate in subgroups. Closeness centrality
has been used to identify important nodes within social networks [26, 70, 75], and
identify members with a strong sense of community [19,20]. Betweenness centrality
measures the extent to which a node can act as an intermediary or broker to other
nodes [44]. The more times that a particular node lies on paths that exist between
other pairs of nodes in the network, the higher the betweenness centrality is for that
node. Nodes that have a high betweenness centrality may act as brokers between
subgroups and they may have stronger membership in surrounding communities
[30, 47]. Betweenness centrality has been used to reveal the hierarchical structure
of organizations [49, 106, 108], and to identify opinion leaders [76] and influential
members with a strong sense of community in blogs [19,20].

Betweenness centrality is mostly used to find and measure subgroup and commu-
nity membership [47-49, 76, 85, 106, 108], whereas degree and closeness centrality
are used for characterizing influential members. Although network centrality mea-
sures are easy to calculate using computer programs such as Pajek [28] and UCINET
[9], there has been no consensus among researchers as to the most meaningful cen-
trality measure to use for finding subgroup members [25]. In extremely large social
networks, computational efficiency may become an issue in selecting which cen-
trality measure to use. With respect to three commonly used centrality measures,
degree centrality is the easiest to calculate, closeness centrality is more complex,
and betweenness centrality has the highest calculation complexity [18].

4.2.2 Cohesive Subgroups and Clustering

Finding cohesive subgroups within social networks is a problem that has attracted
considerable interest (e.g. [42,92, 102, 114]), because cohesive subgroups can in-
dicate the most active members within a community. There are two types of
approaches to finding cohesive subgroups. In the first approach, clique analysis and
related methods look directly at the links that occur in a network and identify spe-
cific patterns of connectivity (e.g., subgroups where everyone in the subgroup has
a direct connection to everyone else). In the second approach, clustering and parti-
tioning methods are used which are less direct (but more computationally efficient)
in that they base their groupings (clusters) on proximity measures (similarities or
distances) derived from the connection patterns between network nodes.
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4.2.2.1 Clique and k-Plex Analysis

Cliques and k-plexes have been used to characterize groupings in social networks
[2,5,21,32,92,102,113]. Cliques are fully connected subgroups [113] where each
member has a direct connection to every other member in the subgroup, thus form-
ing a completely connected graph within the subgroup. Pure cliques tend to be rare
in social networks [102] because the criterion of full connectedness tends to be
overly strict, thus pure clique analysis will miss many meaningful subgroupings
[2,5,113].

In a subgroup of n members, the full connectedness requirement of cliques
(where every person in the clique is connected to n — 1 other members in the
clique), may be relaxed by requiring fewer connections to other group members.
In the k-plex approach, connectedness is expressed as the minimum number n — k
of connections that each person in the group must have to the other group members.
In a k-plex, as the parameter k increases, the connectedness requirement is relaxed
[54]. k-Plex analysis has been used for finding subgroup members [5,21, 82, 102]
in a network. However, as with clique analysis, finding k-plexes in large networks
is a computationally expensive and exhaustive process because it scales exponen-
tially with the number of nodes in the network and is an NP-complete problem [5].
An additional issue with k-plex analysis is that the most appropriate value of k for
subgroup analysis in a particular social network may not be obvious.

4.2.2.2 Clustering and Partitioning

Clustering and other techniques such as link analysis [10, 65] and co-citation anal-
ysis [1, 41, 64, 67-69] can be used to detect subgroups within social hypertext
networks. Hierarchical clustering automates the process of finding subgroups by
grouping nodes into a cluster if the nodes are similar and then successively merging
clusters until all nodes have been merged into a single remaining cluster. Tech-
niques based on hierarchical clustering have been used to quantify the structure of
community in Web pages [24,30,47,73], blogs [88,89], and discussion groups [50].
Hierarchical clustering (using such algorithms as in [55, 118]) results in a hierarchy
(tree) being formed where the leaves of the tree are the nodes that are clustered and
can be visualized as dendrograms. Nested clusters within the derived hierarchy may
then be inferred to be subgroups.

In contrast to hierarchical cluster analysis, the groups formed in partitioning
methods are not nested. Partitioning methods are relatively efficient, but they require
that the number of subgroups in the partition be defined prior to the analysis. On the
other hand, hierarchical cluster analysis does not yield a partition, and the hierarchy
(dendrogram) that is output needs to be cut in order to identify a particular set of
subgroups. For partition analysis, the method is run using a number of different val-
ues of k (i.e., number of groups in the partition) and the selection criterion is used
to define which of the possible partitions should be chosen as the best subgrouping.
For hierarchical clustering, the selection criterion is used to decide at which point
the dendrogram should be cut in order to obtain a non-nested set of subgroups.



86 A. Chin and M. Chignell

Orford [87] described a range of criteria for determining where to partition a
dendrogram; however, the best criterion to use will generally vary with the problem
context. Recent research has tended to assess specific measures for obtaining an op-
timal partition (e.g. [62]), using modularity (designated as Q) proposed by Newman
and Girvan [85] for finding community structure in [7,27, 33,91, 94], vector par-
titioning [111] or normalized cut metrics [71,97, 98, 117]. However, as noted by
Radicchi et al. [91], it is not clear whether the “optimal” partitions are represen-
tative of real collaborations in the corresponding online communities. Van Duijn
and Vermunt [110] noted that it is difficult to determine which measure is the most
appropriate to use across a range of applications.

4.2.2.3 Summary

Hierarchical clustering has been shown to produce similar subgroupings as k-plex
analysis and is less computationally intensive [22]. Modularity has been proposed
as an optimizing method for partitioning dendrograms obtained from hierarchical
clustering into subgroupings. Researchers (such as Lin et al. [74] and Traud et al.
[105]) have combined clustering and partitioning algorithms together in order to
identify subgroups instead of relying on one alone. However, relatively little eval-
uative research has been carried out thus far on which methods of unsupervised
subgroup formation work well in subgroup analysis of social networks, and under
what conditions.

4.2.3 Similarity

Cohesive subgroups should have a core group of people that remain the same over
different time periods, because we hypothesize that subgroups will be cohesive to
the extent that their members remain together based on “common fate” [109] where
objects are more likely to be part of a grouping if they move together over time.
However, subgroups may split or merge, so that cohesiveness is not necessarily a
property of a single subgroup, but may sometimes relate to a family of one or more
related subgroups. In general, cohesive families of subgroups at one time period
should be similar to corresponding subgroups at a different time period.

Mathematically, similarity may be viewed as a geometric property involving the
scaling or transformation necessary to make objects equivalent to each other. Several
mathematical similarity measures have been defined such as Euclidean distance [35]
and the cosine distance or dot product [112]. Other models of similarity are based
on comparison of matching and mismatching features using a set-theoretic approach
such as Tversky’s feature contrast model [107], Gregson’s content similarity model
[51], and the Jaccard coefficient [59], which is defined as the size of the intersection
divided by the size of the union of the objects being compared.

For assessing cohesion within subgroups, Johnson [60] proposed the ultramet-
ric distance as a way of measuring distance within a hierarchy. For comparing
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two different clustering hierarchies, one heuristic method for estimating similarity
consists of converting each hierarchy to a matrix of ones and zeros where the ones
represent the parent—child links in each hierarchy. The similarity between two hier-
archies is then estimated as the correlation between the two corresponding matrices
of ones and zeroes. A more formal approach is to use quadratic assignment [58] to
assess the similarity between two partitions. Other related work by Falkowski et al.
[39] focused on finding community instances using similarity.

From the preceding review, it can be seen that there are a number of similarity
assessment approaches that may be applied to the problem of measuring the cohe-
siveness of subgroups over time. Unlike previous similarity methods, our method
addresses the strength of cohesiveness of subgroups over time using a custom-built
measure of similarity to meet the demands of identifying subgroups in a dynamic
social network based on the content model of similarity [51].

4.3 Tracking Online Community Interactions
Using the SCAN Method

A number of methods already exist for finding subgroups and clusters, but there
is as of this writing no method that can potentially scale up to handle large social
networks, or can identify subgroups that remain cohesive over time using an unsu-
pervised learning approach. In this section, we explain the SCAN method and use
an example to illustrate how to track online community interactions.

4.3.1 Social Cohesion Analysis of Networks (SCAN) Method

The Social Cohesion Analysis of Networks (SCAN) method was developed for au-
tomatically identifying subgroups of people in social networks that are cohesive
over time [22]. The SCAN method is to be applied based on the premise that a social
graph can be obtained from the online community interactions where the links are
untyped (i.e., there are no associated semantics). In the social graph, each link rep-
resents an interaction between two individuals where one individual has responded
to the other’s post in the online community. The SCAN method has been designed
to identify cohesive subgroups on the basis of social networks inferred from online
interactions around common topics of interest. The SCAN method consists of the
following three steps:

1. Select: Selecting potential members of cohesive subgroups from the social
network.

2. Collect: Grouping these potential members into subgroups.

3. Choose: Choosing cohesive subgroups that have a similar membership over time.
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4.3.1.1 Select

In the first step, the possible members of cohesive subgroups are identified. We set a
cutoff value on a measure that is assumed to be correlated with likelihood of being a
subgroup member, and then filter out people who fail to reach the cutoff value on that
measure. We use betweenness centrality as this cutoff measure, since prior research
has found that it does a fairly good job of identifying subgroup members although
other centrality measures such as degree and closeness centrality could also be used.
By selecting a cutoff centrality measure, we obtain a subgraph of the original social
graph where all members that have a centrality below the cutoff centrality measure
are removed, resulting in a list of potential active members of subgroups.

4.3.1.2 Collect

In the second step of the SCAN method, the objective is to recognize active sub-
groups from the subset of network members identified in the Select step. This is
accomplished by forming subgroups of the selected members using cluster analysis,
specifically weighted average hierarchical clustering. In general, hierarchical cluster
analysis is more computationally efficient than k-plex analysis [22], and weighted
average hierarchical clustering is a relatively efficient approach that has been used
frequently by researchers. The output of hierarchical clustering is a set of nested,
non-overlapping clusters, i.e., a tree, or dendrogram (a visual representation of a
tree that is frequently used to represent a hierarchy of nested clusters visually). The
extraction of the hierarchy shows potential cohesive subgroups, but it does not ac-
tually partition the people into a particular set of non-nested subgroups.

4.3.1.3 Choose

In the third step of the SCAN method, we identify the most cohesive subgroups
over periods of time by computing the similarity of the possible cohesive subgroups
between pairwise consecutive periods of time, and then selecting the cohesive sub-
groupings that result in the highest similarity. In comparing subgroups between
pairwise consecutive periods of time, we need to consider networks in each period
where membership is either fixed, where new members enter but existing members
do not leave the network, or where new members enter and existing members leave
the network at different time periods. The present version of the SCAN method only
considers constant membership and new members that enter the network, through
the application of two similarity measures.

For the first similarity approach (as described in detail in [22]), the cohesion
across all subgroups between two consecutive time periods 7 and 75 can be calcu-
lated according to Eq. 4.1:

2*N(T1 ﬂTz)

N UT) .1

Simr,,1, =
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where N(T1NT3) is the number of pairs where both members are in the same cluster
in T and in 7. N(T, UT3) is the total number of pairs who are in the same cluster in
either (or both) 77 and 7. The parameter 2 is added as a multiplier to the numerator
of this expression so that the resulting similarity measure is scaled between 0 and 1.

The second similarity approach (as detailed in [18]) measures the cohesion of the
largest individual subgroup. This examines all the possible pairwise relationships
between members of the subgroup, and determines how many of the pairs still exist
(i.e., are inside a subgroup) in the second time period. The similarity can then be
calculated using the following formula according to Eq. 4.2:

N(Sy N T»)

, 4.2
NGSD “2)

Simr,, 1, =

where S is the largest subgroup in 77, N(S; N T3) is the number of common pairs
from the largest subgroup S that still exist in 75, and N(S1) is the number of pairs
in the largest subgroup S;. As an example, if there was a subgroup of five people
which then split into a group of two and a group of three, then there would be a
combination of five choose two or ten pairs from the first time period and after that
there would be three choose two or three pairs remaining together in one of the
spin-off groups plus one pair together in the second spin-off for a total of four pairs
remaining together in the second time period, so the similarity between the two time
periods would then be 4/10 = 0.4. It can be seen that this approach results in an
intuitive measure that is easy to calculate.

These measures of similarity can then be used to assess cohesiveness over time
with a betweenness centrality cutoff being chosen that maximizes this measure of
similarity in the sample. The clusters for each time period 77 and 7, that are ob-
tained from the highest similarity using the selected betweenness centrality cutoff,
then form the cohesive subgroups, with the level of measured similarity between
adjacent time periods providing an indicator of the amount of cohesiveness.

4.3.2 Application and Limitations of the SCAN Method

The SCAN method was tested on the TorCamp Google group (as explained in [22])
and a set of YouTube vaccination videos and its comments (as explained in [23]).
The SCAN method was able to find a cohesive subgroup in the TorCamp Google
group case study even though semantics of the links between members in the social
network were not utilized in this task. In general, the cohesiveness criterion using
similarity and the SCAN method worked well with the TorCamp Google group
because the dataset reflected online interactions of topics of common interest, from
which the discussions had clearly identifiable active members based on the number
of responses.

However, the method was unable to distinguish between two types of activist
groups (anti-vaccination and pro-vaccination) in a set of YouTube vaccination
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Table 4.1 Content analysis of the comments made on anti-vaccination and
pro-vaccination videos (using the anti- and pro-labeling of videos provided
by Keelan et al. [63])

Number of Number of Number of
Network videos anti-comments pro-comments
Anti-vaccination 34 76 6
Pro-vaccination 66 67 13

videos because the conversational threads contained mixtures of people from those
two types of activist groups (anti- and pro-vaccination) as shown in Table 4.1 [23].

In datasets where online interactions revolve around debate and activism, the
SCAN method will not be able to find particular classified subgroups, because these
types of people are intertwined within the discussions around social media (such as
the YouTube vaccination videos) and many of the comments may not be related to
the discussion.

One of the remaining challenges in applying the SCAN method concerns the se-
lection of time periods across which subgroup cohesion is compared. It seems likely
that the appropriate time period will depend on how quickly a subgroup evolves or
grows, and also on the size of the subgroup and the rate of interaction that occurs
within the subgroup. Within each time period selected for analysis, there needs to be
social interaction to allow application of the SCAN method, while it should also be
possible to construct multiple periods where there is a reasonable expectation that
sufficient cohesion will occur across time periods to make similarity assessment
viable. While past research has examined cohesion between pairs of time windows,
it is possible that in long-lasting subgroups comparison of cohesion across mul-
tiple time windows may also provide more accurate estimates of cohesion within
subgroups.

4.4 Data-Intensive Socially Similar Evolving Community
Tracker (DISSECT)

In this section, we outline a framework for a new method for tracking community
evolution based on the SCAN method. This method is referred to as the Data-
Intensive Socially Similar Evolving Community Tracker (DISSECT). The steps in
this method are listed and possible techniques for implementing each step are dis-
cussed. Detailed implementation of the steps in the DISSECT method are left as
topics for future research.

In the SCAN method, the problem of finding cohesive subgroups across dif-
ferent time periods using similarity was addressed. The DISSECT methodology
provides a framework for more extensive analysis of community formation in online
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interactions. The DISSECT method addresses the following shortcomings of the

SCAN method:

1. The SCAN method only focused on betweenness centrality; other centrality mea-
sures may be useful.

2. The SCAN method only looked into two types of similarity measures (constant
membership and members entering the network); there is a need to examine for
other types.

3. The time periods used in the SCAN method were defined ad hoc as a matter of
convenience, without any systematic evaluation.

4. The SCAN method fails if semantic properties determine subgroup membership.

4.4.1 Framework for the DISSECT Method

The DISSECT method addresses the shortcomings identified in the SCAN method,
and uses the following steps:

L.
2.

Find the initial time periods for analysis.

Label subgroups of people from the network dataset using content analysis and
semantic properties. If possible, individuals are also labeled so as to facilitate
later similarity analysis between subgroups at different time periods.

Select the possible members of known subgroups to be tracked using the Select
step from the SCAN method.

Carry out cluster analysis of interaction data taken at snapshots in time and
involving known subgroups of people (using the Collect step from the SCAN
method).

Repeat steps 3 and 4 for different values of centrality (note that the DISSECT ap-
proach is agnostic in terms of which of the many available measures of centrality
should be used).

Calculate similarity of subgroups for the designated time periods from step 1 us-
ing the clustering results of the previous step. In this case, the similarity measure
can be augmented to take into account semantic labels assigned to different peo-
ple. The advantage of using similarity measures that include semantics as well
as link structure is that they can identify non-cohesive groups of people with het-
erogeneous viewpoints and affiliations who may yet have bursts of interaction
during specific periods of debate.

Repeat steps 2 through 6 for different time period intervals and combinations.
Construct a chronological view of each subgroup showing how it changes over
time (as the assigned semantic labels change), and also showing how subgroups
merge and split in response to the changing interests of their members.

The ultimate goal in a DISSECT analysis is to trace the evolution of subgroups

into communities. The DISSECT method does not stand as a theory of how commu-
nities form. However, logically it would seem that if communities do emerge out of
online interactions then they are likely to evolve, initially, from smaller subgroups.



92 A. Chin and M. Chignell

Some of the steps in the DISSECT method are now described further below.

4.4.1.1 Find the Initial Time Periods for Analysis

Here, the objective is to divide the dataset into time periods (which may be equal
or unequal in duration) in order to track subgroups in the network over time. Time
periods should be long enough so that there is enough data to distinguish potential
subgroups, and there should be a sufficient number of them to estimate cohesion
over time. Further research is needed to determine guidelines concerning what
lengths and numbers of time periods should be used for different types of online
interaction.

4.4.1.2 Label Subgroups of People from the Network Dataset
Using Content Analysis and Semantic Properties

For each time period defined from the previous step, content analysis may be per-
formed to label the links and/or individuals within the network. Techniques such
as noun-phrase analysis [52] and other natural language-processing techniques that
analyze content of the posts [53] can be used for classifying the links and the nodes.
For example, in the YouTube vaccination video study as mentioned in the previous
section, people were labeled based on the comments they made, and videos were la-
beled based on whether they were anti-vaccination or pro-vaccination in viewpoint.

4.4.1.3 Select the Possible Members of Known Subgroups
that You Want to Track (from the Previous Step)

While betweenness centrality appears to be a useful filter for screening potential
subgroup members, further research is required to assess when and how other cen-
trality measurement methods might be used. In addition, more rigorous criteria
(other than simple inspection of the frequency distribution) are needed for choos-
ing the appropriate cutoff centrality in the Select step of the SCAN method. As a
starting point, degree centrality may be a better criterion with which to screen po-
tential subgroup members because it deals with direct interactions where the ties
have stronger bonds that indicate stronger cohesion, and also because it has lower
computational complexity than the betweenness, and closeness centrality measures.

4.4.1.4 Cluster Analysis to Infer Possible Subgroups

Once the network is screened for potential subgroup members, hierarchical clus-
tering (e.g., weighted average hierarchical clustering) is used to group the potential
members into subgroups. The output of the cluster analysis is a hierarchy (den-
drogram) that contains nested subgroups of people. The nested nature of these
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subgroups means that hierarchical cluster analysis does not yield unambiguous
subgroups (i.e., a partition) directly. In order to create a subgroup partition, the den-
drogram has to be cut at a particular similarity value. Further research is needed on
how best to cut dendrograms in order to obtain partitioned subgroups.

The issue of how to create subgroup partitions is likely to be particularly
important in situations where multiple subgroups are expected. Orford [87] made
the point that the best method for partitioning a dendrogram will depend on the type
of data. It is suggested that while modularity has received recent attention in par-
titioning community data into subgroups, further research is needed that compares
its effectiveness in this context to other potentially useful measures that have been
proposed in the literature. For example, random walks have been suggested as an
alternative approach for finding community structure [101].

4.4.1.5 Repeat the Steps in Sects. 4.4.1.3 and 4.4.1.4 for Different
Values of Centrality

There are a number of ways in which centrality measurement and clustering or par-
titioning can be carried out. If we treat maximization of the subgroup similarities
across time periods as the objective (criterion), then the problem of choosing the
particular methodology to be used can be envisioned as a parameter search (max-
imization) problem where the goal is to obtain subgroupings that are maximally
cohesive (self-similar) over time.

4.4.1.6 Calculating Similarity

As noted in the preceding subsection, similarity (as an indicator of cohesiveness)
can be treated as an objective function to be maximized. Further research is needed
to determine which similarity measures are best for finding cohesive subgroups,
since Eqs. 4.1 and 4.2 were formulated from first principles and their use in this
context is not, as yet, backed by research evidence. As noted elsewhere, the similar-
ity measures that were developed in SCAN have to be modified to take into account
incoming and outgoing actors from different time periods. When pairwise similar-
ities are calculated, for each pairing of people, the pair should only be included in
the analysis if both people in the pair were part of the social network for both time
periods being assessed.

Other issues concern the problem of making the SCAN or DISSECT methodol-
ogy scalable to very large online social networks. Subgroupings can be represented
as matrices of ones and zeros (where an edge with one between two people indicates
some kind of interaction with the challenge being to implement the set-theoretic
similarity measure as a sequence of relatively simple operations on the two matrices
of binary data). Block modeling may be one way of accomplishing this by identi-
fying blocks of structurally similar actors within an adjacency matrix derived from
social network data [3, 11,99]. While blocks may indicate the presence of cohesive
subgroups, Frank [43] has argued that blocks differ from cohesive subgroups since
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blocks of actors engage in common patterns of interaction throughout the network,
but do not necessarily engage in the direct interactions that occur between members
of cohesive subgroups. Nonetheless, block modeling could be applied to the adja-
cency matrix to construct possible subgroups in an alternative fashion.

4.4.1.7 Repeat Steps in Sects. 4.4.1.2 Through 4.4.1.6 for All Possible
Time Period Intervals and Combinations

How do we know that the time periods that are selected initially in step 1 provide
the most optimum cohesive subgroups? We need to study the effect of varying the
number of time periods and the size of each time period on subgroup cohesion
and similarity. There are many other methods that can be used for analyzing net-
works over time such as probabilistic stochastic models, time windows, and time
graphs and burst analysis. For example, SIENA [100] is a network package that
uses stochastic, actor-oriented models for the evolution of social networks which
could be used to take all the possible configurations of the network ties and then
model the observed network dynamics (the actual ties that happened in different
time periods). The results could then be compared with that found from the similar-
ity analysis in order to evaluate its performance. In addition, time windows can be
defined such as in Social Networks Image Animator (SoNIA) in order to visualize
the subgroups [81] and sliding time windows can be used for varying the time win-
dow to determine their effect on the formation of subgroups and their cohesiveness
[39]. By representing the social interactions as time graphs that have time added to
the link indicating when the social interaction happened (forming typed links), burst
analysis can be used in order to discover subgraphs of bursts that indicate cohesive
subgroups around a specific event [67] and to study the formation of groups [4].

No matter which method is used to define the time periods, we need to repeat
the steps in Sects. 4.4.1.2 through 4.4.1.6 for each time period selected in order to
determine which one provides the optimal subgroup cohesion.

4.4.2 Using DISSECT to Identify Community Evolution

As motivation for identifying community evolution, we previously used the results
of our SCAN method [22] to track the subgroups within the TorCamp Google group
for 2 years. Figure 4.1 visualizes the cohesive subgroups from the TorCamp Google
group and shows how members in the TorCamp Google group move in and out of
subgroups at different time periods. The movement of the members into clusters in
different time periods is indicated by the arrows, whereas the shades of the nodes
indicate (as shown in the legend) in which time period the member first appeared as
a member of the subgrouping.
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Fig. 4.1 Visualizing cohesive subgroupings in the TorCamp Google group from 2006 to 2007

Similarly, from the results of DISSECT, Communities might evolve in a number

of ways. For instance:

1. A core subgroup growing until it becomes a highly centralized community

By computing the degree and closeness centralities of each of the people in the
network in each time period, we can see if the centralities and the number of
members increase. This will determine which people from the core subgroup
become more tightly connected to the group. If the number of members increases
within the core subgroup is growing and the members are becoming more tightly

connected, therefore forming into a highly centralized community.
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2. A number of subgroups coalescing into a multipolar community

At a specific time period, we can have various numbers of subgroups within
an online community. These subgroups can combine to form a multipolar com-
munity in which various subgroups can be connected to each other. During the
merging and community formation process, leaders or activity members within
the contributing (merging) subgroups will act as bridge connectors, and the be-
tweenness centrality of these members will likely be the highest in the overall
network. One can then follow how the subgroups change with time, and track
which members are more central at different times as the network evolves.

3. Coalesced subgroups forming clusters which then become affiliated in a multi-
layered community which may have both centralized and multipolar aspects

The community formed can have a core subgroup that is highly centralized but
with subgroups that coalesce into a multipolar community. To find these types of
subgroups, we can use techniques based on the previous steps as starting points.

Presumably many different methods of community formation occur online. The
unsolved problem is how to come up with reliable and flexible algorithms for track-
ing a broad range of community evolution processes. To determine how well the
algorithms find subgroups and the central members, we can use behavioral mea-
sures such as Sense of Community, Social Network Questionnaire, and Frequency
of Ties [18] for evaluating the subgroups found in the DISSECT method.

4.4.2.1 Behavioral Measures for Evaluating Subgroups

The Sense of Community inventory [77] assesses the internal perceptions that a
person has about his or her role in a community. The inventory consists of four com-
ponents: membership, need, influence, and shared emotional connection. Chavis
[16] created the Sense of Community Index to provide a quantitative measure for
sense of community and its components. Members of cohesive subgroups have been
shown to have high scores of sense of community (calculated in [16]) from our case
study of the TorCamp Google group [21].

The Social Network Questionnaire (developed by Chin and Chignell [18]) is
based on the Social Network List (SNL) developed by Hirsch [56] and the So-
cial Support Questionnaire (SSQ) developed by Sarason et al. [96]. These tools
are based on name generator techniques [6, 12—14, 113] in which participants are
asked to name all the people that they know or communicate with (considered as
ties). The Social Network Questionnaire is designed to obtain a social network of
acquaintances that participants have by asking them which members that they know
from the subgroups identified in DISSECT and how close their relationship is with
those members.

The Frequency of Ties questionnaire (also developed by Chin and Chignell [18])
is designed to provide a more quantitative interpretation of the frequency of commu-
nication for each network tie. Participants are asked the frequency of communication
using approximate number of exchanges that they have with a list of members
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identified as part of subgroups from the DISSECT method. This helps to determine
which members of the subgroups are the most influential based on communication
with other members in the network.

All three measures described above can be used to characterize the behavior of
cohesive subgroup members by making correlations with centrality and the edge
weights in the network (number of interactions between two members). For exam-
ple, we performed correlations between sense of community, number of ties known
with other members and network centrality. Table 4.2 summarizes these results.

Figure 4.2 shows that degree centrality in the TorCamp Google group tends to
increase as the number of ties known increases.

According to the TorCamp Google group case study that we conducted [18], co-
hesive subgroup members have higher centrality scores, send more messages, have
weak ties, have greater number of known ties, and have a higher sense of community

Table 4.2 Pearson correlations between Sense of Community subscales, number of ties
known, and network centrality (N = 9) in the TorCamp Google group

Sense of community ~ Number of ties Degree Betweenness Closeness

subscale known centrality centrality centrality

Membership 0.737 0.589 —0.408 0.542

Emotional 0.634 0.292 —0.552 0.453
connection

Influence 0.211 0.096 —0.398 0.182

Needs 0.089 0.173 —0.563 0.196
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Fig. 4.2 Association of number of ties known on degree centrality
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than other members that are not part of cohesive subgroups. Further research, how-
ever, is still needed to show how the results generalize to other data sets.

4.5 Conclusion

In this chapter, we propose a framework for tracking community evolution in an on-
line community called DISSECT or Data-Intensive Socially Similar Evolving Com-
munity Tracker. This framework is an expanded and enhanced version of the SCAN
method [22], for finding cohesive subgroups in online interactions. The framework
is designed to be a step-by-step process to track the evolution of community
members. This chapter has discussed the steps in the framework, and has raised
research issues that need to be considered.

4.5.1 Applications

Given that a method now exists for tracking cohesive subgroups from large networks
(of at least 200 nodes) automatically, there are many applications to which it can be
used of which three examples will be briefly mentioned here

1. Marketing
2. Expertise location
3. Information search

4.5.1.1 Marketing

Knowledge of where people live has long been used to develop targeted marketing
campaigns on the assumption that “birds of a feather flock together.” For instance,
Claritas Corporation of San Diego developed the PRIZM system which assigns one
or several of 66 clusters to each US zipcode. The clusters range from #1 Upper
Crust, composed mainly of multimillionaires, to the relatively impoverished #66
Low-Rise Living, with many lifestyles in between. Clearly, it would be beneficial to
have similar online maps of where people “live” on the Internet that can predict their
lifestyle and interests. Instead of the zipcodes where people “hang out” physically,
online clusters could be based on who people interact with online and the subgroups
that they belong to. Products and advertisements could then be marketed to relevant
members and interested subgroups using the DISSECT method. For example, based
on a subgroup of friends who are avid watchers of the television series Lost (identi-
fied through the DISSECT method), and given that some of those friends also watch
another television series called Heroes, then the system would recommend the user
to watch Heroes.
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4.5.2 Expertise Location

Well-cataloged and organized maps of online communities and subgroups would
also facilitate tasks such as expertise location, either by inferring expertise directly
based on subgroup membership, or else by asking relevant subgroups to nominate
a suitable expert who could respond knowledgeably to an inquiry once irrelevant
members such as spammers have been removed. For many applications, finding
the right neighborhood may be the main problem (after which “locals” can act as
guides to detailed information) and labeled subgroups can serve as entry points into
neighborhoods. An example of such an application could be an expert-finding ap-
plication for finding experts and leaders in online environments using the SCAN
method (such as blogs, video, and social networking platforms such as Facebook
and MySpace). This would then allow users to contact and connect to those experts
to grow their social network and engage in constructive debate and conversation.

4.5.3 Information Search

The DISSECT method may also be useful for enhancing information search prac-
tice, including search within a social network and community-based search. The
first approach deals with searching for content or searching for people, using a so-
cial network as a form of filtered or targeted network compared to the broad search
that is carried out today on search engines such as Google. This approach is needed
because according to Cervini, “without the ability to execute directed searches,
through a social network, the transition cost of finding other users within the system
is simply too high to warrant using the system” [15]. Applications such as Social
Network and Relationship Finder (SNARF) [83] have been created for visualizing
and ranking the most relevant contacts to the user based on contact interactions in
e-mail, for example. However, these types of applications are very general and do
not take into account how to identify the experts within the social network and how
to recommend specific people to the user. The DISSECT method can be used to find
the “expert” people within the social network. A contact search application could be
created as an interface to search for information from relevant people and subgroups
in a user’s social network, obtained from e-mail or some other online collaborative
medium or even people’s search histories.

The second approach is community-based search and involves the development
of community-based search engines that use knowledge of labeled subgroups to
improve search performance. This can be done both by labeling information (e.g.,
blogs or Web pages) in terms of the subgroups that authors and readers belong to,
and also in terms of modifying queries based on the subgroups that the people com-
posing those queries belong to. Pages that reflect matching communities or interests
could then be ranked higher in search results, and could be labeled according to the
communities that they are associated with.
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