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Data Mining for Community

Dynamics

Tanja Falkowski, Myra Spiliopoulou

Online platforms are virtual places where people interact for different purposes, thus forming online communities.
So far several mining methods have been developed to detect these community structures as densely connected
subgraphs in networks. The evolution of these networks is typically analyzed by observing changes in the interaction
behavior of single members only. However, we observe that communities are highly dynamic social networks, whose
members change over time. People leave gradually while new ones join but the community is perceived as still active.
We therefore consider methods for modeling and discovering evolving communities and present our approach CoDyM
for the analysis of community dynamics. Furthermore, we report on our first series of experiments on real data from

an online community.

1 Introduction

In organizations as well as in the ‘virtual world’ people com-
municate with each other for different purposes. Groups of
people inside organizations who share a concern or a pas-
sion about a topic, and who interact to extend and exchange
their knowledge and their expertise are called communi-
ties of practice [31]. These communities of practice can of-
ten be found in organizations where people usually know
each other personally and face-to-face communication is the
predominant (and desirable) form of knowledge exchange.
However, besides meetings in person, communities of prac-
tice usually make use of existing technological infrastruc-
ture for computer-mediated communication or computer-
supported cooperative work, to coordinate, collaborate or
communicate. These technologies are also used by employ-
ees who are not organized in ‘official’ communities to share
information and to solve problems. These relationships - so-
called informal networks [4] - are often critical to an organi-
zation and their detection is of high interest for the orga-
nization. Communities that interact via a (Web-based) com-
munity platform are referred to as online communities [23] or
virtual communities [24].

Organizations are interested to support community
building for many reasons, e.g. to facilitate knowledge shar-
ing or to improve customer retention. The success of commu-
nities depends on internal factors (e.g., infrastructure, com-
munity leadership) as well as external factors (e.g., publicity
in mass media). To learn more about the factors and events
that influence a community’s evolution we must be able to
detect points in time where structural changes occurred so
that in a next step the trigger for the development can be
determined.

We observe that communities - in the real or virtual world
- are more than just the sum of the participating individ-
uals. At each point in time a community is defined by its
current members. However, communities are highly dynamic
social networks whose structure changes over time. Some
communities consist of a considerable amount of members
who participate over a long time and a small amount of fluc-
tuating members but others show a higher fluctuation in
its membership. We observe communities where members

leave while new ones join and the community is still there
even if all old members have left. Let us for example look
at the 'KDD community’. We might say that the community
established itself in 1989 at the first KDD workshop at IJ-
CAl in Detroit. Several workshops followed and then evolved
into an annual international conference in 1995. Since then
the community obviously grew, and many of the participants
back then are no longer contributing nowadays. Thus, even
though the overlap of participants in 1989 and 2005 is rather
small, we still consider it as the 'KDD community. (Out of
78 authors at KDD workshop in 1989 only one person had a
paper in the research track of KDD'05. Assuming that the
sources do not contain any misspellings and that no one
changed his or her name meanwhile). Examples such as this
can be found in many areas.

A community over time must therefore not necessarily
consist of the same participants who interact in a similar
way. Rather, the members and interactions are fluctuating.
We therefore propose to define a community as a persistent
structure in a graph of interactions among fluctuating mem-
bers. We model a community as an evolving structure and
define a community as a set of similar community instances,
i.e. dense subgraphs of interactions (subgroups) among the
users under observation. Two community instances are sim-
ilar if they share a minimum number of members in com-
mon. This notion of similarity allows for a continuity inside
the evolving community, even if the interaction behavior
changes up to a certain extend or if some actors no longer
participate. If the similarity between past and current com-
munity instances becomes marginal, though, this signals that
the old community is dissolved and a new one is formed.

In this article, we discuss methods for modeling and
discovering evolving online communities. We furthermore
present the Community Dynamics Miner CoDyM for the anal-
ysis and visualization of community dynamics. We discuss re-
sults of experiments on an online student community. This
work has been presented in a more detailed form in [7] and
[8].
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2 Modeling Community Interactions

The communication or more general the interaction inside
communities can be described as a graph of vertices (actors)
and edges (interactions). Each community member is mod-
eled by a vertex. Interactions are modeled as weighted edges
among the interacting members. Networks as sets of nodes
and edges are studied in many research fields. Examples are
friendship networks [30], citation and author collaboration
networks in social sciences [12, 20], genetic networks [32]
and food webs [6] in biology or user networks in the Web
[15].

According to Desikan and Srivastava, the levels of descrip-
tion of networks range from the vertex level where network
measures of individual nodes are observed, to the whole
graph level where basic properties of the graph are analyzed.
A third level, which lies in between these two levels allows for
the fact that nodes in real networks tend to form subgroups
in which individuals are closer connected to each other com-
pared to the rest of the network. This is the subgraph or
community level [5].

This concept of densely connected subgroups that are
only loosely connected to the rest of the graph is known
in social network analysis as a cohesive subgroup. Cohesive-
ness can be quantified using several different network prop-
erties (mutuality of ties, closeness of subgroup members, fre-
quency of ties among members, relative frequency of ties
among subgroup members compared to non-members) (see,
e.g. [27]). Cohesiveness is known in social sciences as an im-
portant concept, to enhance efficiency and durability of so-
cial systems.

Furthermore, in biological networks such as food webs
(so-called predator-prey-relationship networks) the concept
is known as compartments. Compartments are subgroups of
species in which many strong interactions occur within the
subgroup and few weak interactions occur between the sub-
groups. Since studied food webs consist of a rather small
amount of actors (the largest studied food web consists of
181 species), detection of compartments is done manually
[16].

In the field of Web communities as a set of hyperlinked
Web pages, research is strongly influenced by the seminal
work of Kleinberg [14] on the discovery of hubs and authori-
ties by studying link topology. The roles of ‘hub’ and ‘author-
ity’ are of major importance for the understanding of groups
of semantically related documents. In [9], Gibson et al. de-
scribe a Web community as a core of authoritative pages
linked together by hub pages. However, user communities
can take more elaborate forms than captured by these two
roles.

Thus, research advances encompass (a) a variety of def-
initions for the concept ‘community; taking the interaction
medium and the form of the interaction graph into account
and (b) mining algorithms for the discovery of static, densely
connected subgraphs, i.e. of participants that interact with
each other more intensively than with the rest of the net-
work.

So far methods have been developed to find densely con-
nected substructures in static graphs [21] or to detect similar
subgraphs [28]. But not only is the community detection an
important aspect of a systematic analysis of communication
behavior of participants also the tracking and especially the
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prediction of community development are important chal-
lenges. A projection of an ongoing development would en-
able organizations to implement appropriate actions in suffi-
cient time to realize a positive impact on the community. This
is particularly relevant as the environment in which commu-
nities act has a strong impact on how community support
solutions can be designed and to what extent the organiza-
tion can influence the interaction and output of a commu-
nity.

The dynamic perspective of networks is studied by
Leskovec et al., who study evolution in graphs [17]. Their
methodology delivers insights to changes and trends con-
cerning the graph properties, such as average vertex degree,
with some emphasis on large networks (e.g. the Internet).

Barabasi et al. [2] proposed a model for the temporal
evolution of networks called preferential attachment. The
hypothesis is that strongly connected nodes increase their
connectivity faster than less connected actors. In [13] they
showed in experiments the existence of preferential attach-
ment for some real evolving networks.

Cortes et al. [3] propose a data structure that captures
a dynamic graph over time: The authors introduce the no-
tion of ‘communities of interest’ upon this structure, where a
community is the neighborhood of a chosen vertex, subject
to the vertex’s connectivity to other vertices.

A method for the discovery of human communities in
data streams has been proposed by Aggarwal and Yu [1]:
They focus on indicators of a given community’s evolution
and use them to detect subgroups with the highest increase,
resp. decrease of interaction within a graph.

Exploratory research on communities poses large de-
mands on visualization. Software tools like SoNIA [19] and
TeCFlow [11] support visualization of social networks across
time by creating movies of graphs. They both work on the
vertex and edge level and thus visualize changing behavior
between single actors rather than the evolution of the com-
munity they belong to. It is thus not possible to explore the
dynamics of subgroups. However, even though the individ-
uals and the interactions between individuals change over
time, the community might be considered by an observer as
the same. In contrast, we propose to observe the temporal
changes on the community level to allow for an exploration
of community dynamics. We propose a model and approach
to define, discover and track communities over time.

3 Tracing Evolving Communities

We first describe our approach of [8] for modeling and dis-
covering communities as clusters of community instances.
The process is illustrated in Figure 1. In Step 1 we partition
the time axis into equidistant time windows. For each time
window ¢ we build a graph G of interactions. In Step 2,
we discover community instances in each time window by
clustering the graph G;. Afterwards, we link community in-
stances in different time windows based on similarity across
the time axis (Step 3), thus building a community survival
graph (Step 4). On this graph, a community is a dense sub-
graph of linked instances. We detect them by clustering the
community survival graph to find clusters of similar commu-
nity instances (Step 5). The five steps are described in the
following.

24 Auszug aus: Kunstliche Intelligenz, Heft 3/2007, ISSN 0933-1875, Bottcher T Verlag, Bremen, www.kuenstliche-intelligenz.de/order



Kl Fachbeitrag

= | = Kl = =

Step 4.
Community

Step 1. Step 2. Step 3.

Partitioning the  First clusteringto  Detecting similar
time axis

Step 5.
Second

find community community Survival Graph clustering to
instances in time  instances in time find clusters

windows windows of similar
community

instances

Figure 1: Community Discovery Roadmap

3.1 Clustering Users into Community Instances

We observe user interactions over time and partition the set
of interactions in the first step into time windows (cf. Step 1
in Figure 1). Then we model the network of interactions in
a way suitable to find communities. We do so by defining a
graph G = (V, E)) in which V denotes the set of vertices and
E the set of edges (i, j), with (4, ) € V. The graph G is rep-
resented by an adjacency matrix. Each community member 4
is denoted a distinct vertex and an interaction between two
members i and j, e.g., an e-mail exchange, is represented
as an edge (i,7). We quantify the interaction between two
members by assigning a weight w(z,j) to the edge (3, ).
Appropriate weights are ‘number of messages exchanged’ or
the ‘total length of all messages measured in characters. An
aggregation of the weights over time would favor ‘old” mem-
bers of the community over newcomers. Thus, we build the
graph and assign the weights for each time window by up-
dating the edge weight w(i,5) in t + 1 as the sum of the
weights over the last n periods. The edge weight is updated
in t + 1 by adding the number of interactions that occurred
in interval ¢ + 1 to the current edge weight.

The transactions that occur in each time window are ag-
gregated and considered as a static representation of the
graph in the chosen interval. Next, the obtained graph G;
(Graph G in time window t) is decomposed into community
instances of closely connected participants (cf. Step 2 in Fig-
ure 1). These clusters are defined as subsets of vertices within
a graph with a high degree of interaction among the partic-
ipants. We apply a hierarchical divisive clustering approach
that partitions the graph by the iterative removal of edges
into clusters. The algorithm partitions the graph iteratively
into denser subgraphs by deleting edges that do not belong
to the dense subgraphs but rather serve to separate them.
To find these inter-community edges, Watts and Strogatz [29]
have proposed a method which is based on counting short
loops of edges. The motivation behind this method is that
edges between communities belong to less short loops than
intra-community edges as the completion of short loops re-
quires a third actor who also interacts with a member from
another community. To detect these inter-community edges
one should look for edges with a low number of loops. This
algorithm is suitable for dense networks with many triangles
which social networks usually are [23]. However, for sparse
networks or nonsocial networks with a lower transitivity the
algorithm might not work well. Therefore, we apply a method
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proposed by [10] to detect the edges to be deleted which is
based on the edge betweenness:

Definition 3.1 The edge betweenness of an edge ¢ in a graph
G(V, E) is defined as the number of shortest paths along it.

The output of the hierarchical divisive algorithm is a den-
drogram; the root is the whole graph, the leaf nodes are in-
dividual vertices. A cluster C C V is a subset of vertices. A
clustering ¢ = {C1,...,C¢} of G is a partition of all vertices
into clusters. We select the clustering with the highest mod-
ularity Q(¢) as proposed by Newman and Girvan [22]:

2
Qo= |E- (Z”EC deg(@) 0

2m
ce¢

m = |E| and the degree deg(v) of a vertex v is the num-
ber of directly connected vertices. The function @ compares
the fraction of edges within a community to those that lead
to vertices outside the community. @ favors graph partition-
ings that consist of dense subgraphs and is thus a measure
of graph modularity: Values close to Q = 1 indicate strong
community structure. According to [22], values greater than
0.3 indicate significant community structure. We thus set 0.3
as threshold for ), to detect community instances composed
of intensively interacting individuals.

There is several ways to partition the time axis into time
windows. The window size is not computed automatically
but we allow the user to choose an appropriate partition-
ing. We assume that the intervals are known and provide a
mechanism to choose the interval size. To ensure that all pe-
riods show some interactions but no concentrations (see e.g.
[25]), we run several experiments with different time win-
dow lengths and analyzed statistics based on indices such
as the density of the graph, the average degree and the de-
gree variance. We found that for our data set a period length
of 14-days exhibits a degree distribution with a rather low
standard deviation.

3.2 Evolution of Community Instances

Given a community instance found at period ¢, we are in-
terested in its evolution in subsequent periods. For the con-
ceptual definition of ‘survival, we assume that a community
instance is characterized by the people participating in it.
However, we tolerate a fluctuation of the community mem-
bers [8].

Following our MONIC framework for cluster evolu-
tion over a data stream [26], we juxtapose each clus-
ter/community instance C discovered at period ¢; with each
candidate cluster of the next period ¢; (cf. Step 3 in Figure 1):
We define similarity among community instances that have
been discovered at different times as the overlap of mem-
bers between the two community instances. Thus, two in-
stances are similar if their overlap exceeds a given threshold.
In particular, let ¢;, t; be two distinct time periods, let G;,
G denote the corresponding graphs of interactions and let
¢(G;), ¢(Gj) be the corresponding clusterings. Further, let
z € ¢(G;) and y € ¢(G;) be two community instances. We
define the overlap between two community instances as:

lz Nyl

min (|z|, |y[)

)

overlap(z,y) =
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where | - | is the number of vertices in a community in-
stance or intersection.

The overlap threshold 7,,¢,14p captures the tolerance to
member fluctuation: It can be observed in many communi-
ties that individuals do not necessarily participate over time
on a regular basis. Thus, former members might not show
up in each interval or they participate temporarily in another
community instance. Thus, the formation of the community
instances is fluctuating over time and finding the same com-
munity instances over a longer period is rather unlikely. But
even though the membership basis fluctuates over time, we
still see the same community. This problem can be handled
by demanding only for a low overlap of participants between
community instances. Therefore it is not necessary that all
individuals participate in each period in the same cluster in-
stances.

In [26], we have limited the notion of cluster survival to
adjacent time periods. For community evolution, we allow for
matching between community instances that are two, three
Or as Many as Tperiods Periods apart from each other. This en-
sures (a) that similar community instances are connected to
each other independently of their temporal proximity; sub-
ject only t0 Tperiods and (b) that communities that experi-
ence little change over time correspond to highly connected
groups of community instances, i.e. to tight clusters.
Definition 3.2 Using this notion of overlap and Tpcyioqs, we
define a similarity function sim(x,y) as follows:

1 (overlap(z,y) > Toveriap)
/\(tj —t < Tperiods) (3)
0 otherwise.

sim(z,y) =

3.3 Communities in the Survival Graph

To detect communities and to determine e.g. at which point
in time a community dies, the development of a single com-
munity instance is rather irrelevant. One community can
show different formations along the time axis. Tracking a spe-
cific community instance does not reveal information about
the community structure. We therefore do not care about
the development of a single community instance but for the
persistent structure of similar community instances. Those
structures can be revealed by detecting clusters of similar
community instances. The borders of these clusters indicate
e.g. that a community died or merged with another commu-
nity.

Within each time window of 7,45, We compare com-
munity instances and connect matching instances with an
edge, thus establishing a community survival graph (cf. Step
4 in Figure 1). This graph is similar to the ‘evolution graph’
of [18]: In both cases, the nodes are clusters found at differ-
ent time periods, while edges denote that the nodes match.
However, Mei and Zhai perform soft clustering upon doc-
uments and study matching cluster labels rather than the
clusters themselves; the graph is used to predict label evo-
lution. We are rather interested in discovering superordinate
community structures in the survival graph and relate them
to their members.

Formally, let G = (V, E) be the community survival graph.
A vertex v has the form (C,t), where C is a community
instance discovered at period t. An edge ¢ = (v,v') =
((C,t), (C',t)) denotes that cluster C has survived into C’,
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i.e.t <t and overlap(C,C") > Toyeriap- The threshold value
Tperiods €Nsures that [t' — t| < T,e,i04s for all pairs (¢,¢") that
appear in edges of E. An edge is further associated with a
weight, defined as the edge betweenness of the connected
vertices (cf. Definition 3.1). To discover groups of community
instances upon the survival graph, we again use hierarchi-
cal divisive clustering: It uses the edge betweenness of the
edges to eliminate edges which separate subgraphs that are
denser than their surroundings (see Step 5 in Figure 1). The
number of clustering iterations is given by k.

3.4 Data Set

We conducted first experiments with real data from an on-
line student community. The interactions that we observed
on this platform are guestbook entries. Each member is rep-
resented as a vertex and two vertices are connected with an
edge if at least one bilateral message exchange toke place
(both members have written at least one message in the
other member’s guestbook). The data set contains approx.
1,000 members and 250,000 guestbook entries over a pe-
riod of 18 months (June 2004 - November 2005, 75 weeks).
Members are made anonymous so that it is not possible to
trace back the results of the experiments to a certain individ-
ual. The results from the experiments are presented in the
following in combination with the description of the visual-
izations.

4 Visualizing Community Dynamics

In the following we present an excerpt from [8], describing
our software environment CoDyM that supports the above
presented community discovering approach and the analy-
sis of community evolution by visualizing the data mining
results.

4.1 Visualizing the Evolution of Community Instances
To observe community transitions we track a detected sub-
group over time by measuring the structural equivalence.
The development of one community instance can be de-
scribed and assessed by measuring and interpreting differ-
ent measures which are: Stability, density and cohesion, Eu-
clidean distance, correlation coefficient and group activity.
The user can choose a community instance that has been
detected in a certain time window and the resulting com-
parisons are shown using different visualization techniques
(for a more detailed description see [7]). The measures and
their interpretation are briefly described in the following.

Stability: The stability shows how stable the composition
of the group is. The fixed stability indicates how many of the
original members in the chosen time window are active in all
other time windows. If the value is one, all members of the
chosen community instance are active. For the periodic sta-
bility the set of members is compared to the previous time
window. A low curve indicates high changes in the member-
ship of the community instance.

Density and Cohesion: The density indicates the con-
nectivity inside the group. It is the proportion of the number
of edges inside the group to the number of possible edges.
The higher the density the more connected the group mem-
bers are. The cohesion indicates how connected the group
is to non-instance-members. It is obtained by dividing the
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average strength of the interaction inside the community
instance by the average interaction strength to actors out-
side the subgroup. If the cohesion increases greater than the
density, the connectivity to members outside the subgroup
grows faster, resulting in a less stable subgroup.

Euclidean Distance: The structural equivalence of two
subgroups is measured by their Euclidean distance. The larger
the distance, the less equivalent the groups are.

Correlation Coefficient: The correlation coefficient is ob-
tained by dividing the covariance of the vector representa-
tion of the subgroups interaction graph by the product of
the standard deviations. The correlation coefficient takes a
value between -1 and +1. If two subgroups are structurally
equivalent, the correlation is +1.

Group Activity: The actual activity of the group mem-
bers is measured in number of interactions in each time
window. Shown are for example the Internal Group Activity
and the External Group Activity. The Min Internal Group Ac-
tivity illustrates the number of reciprocal interactions inside
the group. Thus, by comparing the Internal Group Activity
with the Min Internal Group Activity the reciprocity inside the
group can be determined. The Min External Group Activity
in comparison with the External Group Activity can be inter-
preted analogously.

In our experiment with the above presented data set, we
obtained 1181 community instances with more than three
members. Ordered by the number of group members, the
plot shows a Zipf distribution. The largest group has 45 mem-
bers and the average group size is 6.4. Thus, the hierarchical
edge betweenness clustering algorithm detects in our data
set many small community instances. By comparing the in-
teraction behavior of all subgroup members in different pe-
riods, we observe that according to the Fixed Correlation Co-
efficient, the Fixed Euclidean Distance, the Cohesion and the
Density, many subgroups show up only once in the observa-
tion period. The Group Activity and the Periodic Correlation
indicate, that some of the members are interacting in ear-
lier and later time windows. Thus, most subgroups are only
active in one period.

However, in this data set, no long-term stable subgroups
could be found; therefore tracking a subgroup over time
was not possible. The second approach in which similar sub-
groups are clustered solves this problem by merging similar
instances to traceable communities.

4.2 Visualizing the Evolution of Communities

The specifications for the cluster analysis settings (the ob-
servation period, the similarity threshold (7,y¢r1qp), the maxi-
mal number of periods between similar community instances
(Tperiods) and the number of clustering iterations (k)) are
done in a control panel. The outcome of the analysis pro-
cess is represented in visualizations which are described in
more detail in the following.

Community instances that are detected in a time window
are visualized as rectangles (see Figure 2). The height of the
rectangle represents the number of community members.
Two community instances that are detected as similar ac-
cording t0 Toyeriap aNd Tperiods are connected with an edge.
The result of the second clustering is visualized by different
colors of the nodes. That is, at first all community instances
have the same color. Groups of similar community instances
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Figure 2: Clustering community instances over time (left),
cutout view (right)

that are detected during the clustering process are visualized
by different colors.

The z-coordinate of the vertex is determined according
to the period it appears in. Thus, community instances dis-
played more left are detected in earlier periods. To the right,
more recent community instances are displayed. All com-
munities that are considered as similar according to the ac-
tual setting of 7,,¢r1ap aNd Tperiods are connected by edges.
Clusters of similar community instances are displayed in the
same color. In the example in Figure 2 three communities are
shown that have been detected after 38 clustering iterations.
One community is shown in red, another in blue and one in
green.

By moving a rectangle (see red rectangle on left side in
Figure 2) a cutout view of the graph (zoom in) is displayed
which shows the structure of the community instances in
more detail (see Figure 2 right side). The edges between rect-
angles represent similar community instances. If for example
a community instance has edges to more than one rectangle
in a later period it shows that members have separated. The
horizontal box in Figure 2 on the right provides further in-
formation about a marked community instance. It shows the
time period when the instance was detected and the list of
participating members. The information is shown by marking
a community instance.

The transformation of the survival graph to the tempo-
ral view in Figure 2 allows observing the evolution along the
time axis because each community instance is displayed ac-
cording to the period when it was observed. Now, the colors
of the community instances indicate the borders of the clus-
ters. The break between two differently colored clusters may
show a period when a change in the community structure
occurred. In our example we see two breaks that separate
three communities. The changes in the structure can have
different reasons, e.g. the set of participants strongly fluctu-
ated, the interaction behavior of the participants changed, or
both. This visualization reveals periods that exhibit structural
changes and thus offers a starting point for users to analyze
the triggers for such developments.
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5 Communities of Fluctuating
Members

In the following we show that the community monitor can
track evolving communities and detect breaks in this evolu-
tion. We used the data set presented above. In the experi-
ments, the similarity threshold 7,,e,14p is kept stable at 0.5
and Tperiods IS Set to 6. Thus, we obtain a graph of 1025
similar community instances in which only those community
instances are included that are separated by maximal 6 peri-
ods.

The given graph of similar community instances is itera-
tively clustered. The first change in the evolution is detected
after 27 clustering iterations, the second after 38 iterations
and the third after 48 iterations. The results of the graph
clustering are shown in Figure 3. The figure consists of four
screenshots that display the temporal graph after a number
of clustering iterations. The leftmost screenshot shows the
respective graph of similar cluster instances without cluster-
ing. The second screenshot (b) shows the graph when the
first break in the community evolution was detected. The
third screenshot (c) shows the second break and the fourth
screenshot (d) the third. The revealed communities are dis-
played in different colors. To improve the readability, vertical
bars that indicate the period when the break occurred are
added.

The obtained clustering results can be verified qualita-
tively in a way that ‘global events’ can be related to the
breaks between community clusters. The student community
is especially oriented towards the integration of international
students. Many international students stay at the University
for one or two semesters only and this is usually the period
when they participate in the community. Thus, the commu-
nity members highly fluctuate over time and the highest fluc-
tuation can be observed after the end of a semester and at
the beginning of a new one.

This observation about fluctuating members corresponds
to the results of our experiments. One break in the commu-
nity structure can be observed during the summer break in
2005. This change can be attributed to the fact that at the
end of the summer term many students gradually leave the
community because their semester abroad ends. Just a few
students stay in touch for a longer time after leaving Ger-
many. Thus, the set of participants as well as the interaction
behavior change at this time.

A second structural change can be observed at the begin-
ning of the winter term 2005/06. The start of a new semester
is characterized by many new members and this is especially
true for the winter term as most studies start in winter. We
can observe that those new members form many smaller
communities very fast. These new groups sometimes grow
but many students break up and others join existing or other
new communities. This period thus exhibits a high fluctua-
tion of members and interactions.

The third break can be attributed to the changing inter-
action behavior during the Christmas break in 2004. It could
be observed that people who were active on the commu-
nity platform during the Christmas break contacted students
that were online too, even though they had not been inter-
acting before. This resulted in a rapidly changing community
structure, as many new edges appeared in a very short time.
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6 Conclusion

The analysis of the temporal evolution of online communi-
ties gives raise to a huge amount of interesting research is-
sues. Most of them require the cooperation between rather
diverse research areas such as computer science, sociology,
psychology and business administration. The presented ap-
proach defines a community as an evolving structure and
offers a method - the community dynamics miner CoDyM -
that can provide insights into the evolution of online com-
munities and furthermore to identify triggers for structural
changes. These insights are valuable not only for research
fields dealing with network dynamics but also for commu-
nity providers to manage community building, for example
to foster intra-organizational knowledge sharing.
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