
































illustrated in Figure 12. The number of clusters in the
data were fixed at 10 in this case. In each case, the
interaction time increased with the horizon, though the
rate of increase was less than linear. This is because
very small horizons lead to extremely sparse graphs
which cluster very fast. With an increasing horizon, the
differential graph grows more dense. This is because
a larger number of edges can be included in a given
horizon. A more dense differential graph also results in
a greater amount of interaction time. However, the rate
at which the interaction time increases with horizon is
sublinear. This is because the denseness in the graph
levels off after a certain point. This behavior also shows
up in the interaction time. In each case, the interaction
times turned out to be extremely small and were usually
smaller than 1 or 2 seconds. This tends to indicate that
the process can be efficiently used in order to perform
online mining of the data streams effectively.

5 Conclusions and Summary

In this paper, we discussed a method for effective
community detection of data streams. The approach
in this paper finds communities in the graph data
stream using an online approach in which we find the
most relevant changes over a pre-defined horizon. The
results show that the techniques can find the relevant
communities in the data effectively even in case of
considerable overlap among the different constituents.
The quality of the clusters were defined in terms of an
intuitive measure known as the information gain. The
clusters in the data were shown to have a very high
level of information gain compared to the breakeven
behavior. The community detection approach separates
out the online stream processing part from the offline
community detection part which is based on user-
defined parameters. Such an approach provides the
maximum flexibility, since it is possible to process
a high speed data stream without losing the ability
to perform exploratory querying. The results show
that the online processing part is very efficient and
can process thousands of interactions per second. At
the same time, the offline interaction component is
able to process large community relationship sets in
online interaction times. This provides a user with a
comprehensive framework to query for changes in the
community behavior in online interaction times.
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