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Abstract. This poster paper presents an approach for tracking com-
munity structures. In contrast to the vast majority of existing methods,
which are based on time-to-time consecutive evaluation, the proposed
approach uses a similarity measure that involves the global temporal
aspect of the network under investigation. A notable feature of our app-
roach is that it is able to preserve the generated content across different
time points. To demonstrate the suitability of the proposed method, we
conducted experiments on real data extracted from the DBLP.
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1 Introduction

To understand the evolution of communities over time, several approaches have
been proposed. Most of these approaches investigate the common nodes of two
communities at consecutive time stamps ¢; and t;11 using a Jaccard or modified
Jaccard measure [1], [2]. However, as demonstrated in [3], at the end of lifespan
such an approach may yield a community that does not share any nodes with
the initially observed community.

In fact, a tracking approach that considers only consecutive time points may
not necessarily capture the overall temporal evolution of a community. For pur-
poses of clarification, let’s look at the the evolution of community C'tl1 from ¢
to t4 in two different cases as presented in Fig. 1. In the first case (Fig. 1 (First
case)) we have an evolution obtained from a simple one-to-one investigation of
nodes, with the corresponding evolution of the bag of topics from Btl1 to Bt14. As
time evolves from time ¢; to t4, we can see how nodes initially observed in Ctl1
gradually disappear as the topics are gradually change from the computer sci-
ence field to the mathematic field. However, we can not say that the main topic
of community C’tl1 has gradually changed from social network analysis to boolean
algebra due to the fact that individuals found in C}, may not share the same
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Fig. 1. An example of community and topic evolution.

interest as the individuals initially observed in Ctll. In the second case (Fig. 1
(Second case)), we have an evolution from C}, to C7,, against the corresponding
evolution of the bag of topics from Btl1 to Bt24. We can see how some nodes ini-
tially observed in Ctl1 persist over time, as topics remain in the computer science
field due to the fact that individuals found in this evolution are all interested on
social network analysis.

The example in Fig. 1 suggests that consecutive tracking yields an inappro-
priate sequence which may inappropriately reflect the temporal evolution of a
community for which the main topics may not be preserved across the time
points. To alleviate this, in the next section we present a tracking method that
uses a similarity measure which takes into consideration the temporal relation

between communities.

2 The Tracking Approach

We denote by G = {V4,, By, |1 <i < m} = (g9+,); <; <, the dynamic social net-
work over the time period from #; to t,,. For each graph g, we define a parti-
tion {C},CZ, ..., C{'} representing the communities detected at time #; using
an existing community detection algorithm. To capture the temporal relation
aspect of a given community Cy, observed at time t;, we use the framework
that we have developed in [3] to extract the corresponding row vector v; which
captures the temporal aspect relation of Cy, with other communities detected in
the social network.

Specifically, we build a binary membership matrix Ay, «n,), in which the
rows correspond to the nodes found in G while the columns represent the dis-
covered communities across different time points while. In A, the value 1 indi-
cates that a given node is “present in” a specific community at specific time,
while the value 0 reflects the opposite case (that is, the value 0 indicated that a
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given node is “absent in” a specific community at specific time). Next, we define
the contingency matrix B = AT x A = (ba,8), <. B<N where AT is the trans-

ba, _ Ya.B8
SR bas’
we obtain the matrix B* = (pa,8), <, 5< .. Where each row j corresponds to
the vector v;. Note that each component p,, g represents the probability that
community C® change to community C?. Hence, the individual row vectors
i = (pj,1,pj 2, - Pj, N.) Teflect the transition probabilities of community C”
over time which, in turn, represent the proportions of nodes found in commu-
nity C7 over all detected communities.

To track communities over time, we use the following similarity measure:

pose of A . By normalizing each row of B using the relation p, g=

Nec 2Pia><pj‘a . Nec Pi, o XPj, o
“he s 5o g 2o e 5 )
Za:l Pi,a +Pj, f Z@:l Pi,a T Pj, o >

Sim(ctiv Ctj): (1)
0 otherwise
where ) is the jonction point between the two Gammas curves estimated from

the non-zeros values obtained when scoring the similarity between two transi-
tion probabilities vectors; p; o and pj, o the respective components of vectors v;

and v;.
By using the similarity measure described in (1), we define the evolution of
community C},, as the sequence of sorted communities Sct =Cy, = Cpy, —

.. — Cy,, ty <ty <ty such that all communities in SC, are similar. Moreover,
all communities Cy; in Sct should always share nodes with C, such that the
Jaccard coefficient exceeds Z€ro.

To evaluate the framework presented above, we analyse communities with
lifespans of 3 to 14 years. We compare the performance of our approach to
existing methods that track communities in a time-sequential manner using sim-
ilarity measures proposed in [2], [4] and [5]. For an objective comparison of the
sequence communities obtained by competing approaches, we adopt a general
criterion based on the resemblance between each pair of selected communities in
the evolving communities. Specifically, we look at the proportion of nodes persist-
ing in an evolving community (that is, the proportion of nodes observed at the
first time and during the time duration of the evolving community). Formally,
the proportion of node persisting in an evolving community S’Cti, is expressed
as follows:

% ‘Vtz m(SVti _th)| (2)

NP(SCtZ-) = |U
VESVt,i

where Sy, = A
sequence of community Sc, .

Moreover, we look at the general trend of the top 5 most frequent words used
for communities with lifespans of 3 to 14 years. Then, we take the particular case
of a community with 14 years lifespan to provide a more detailed illustration
of the topological structure and content evolution. For topological structure, as
time evolves, we look at the transitivity, the conductance [6] and the community’s
average power to attract and keep nodes [7].

th} is the set of nodes corresponding to the
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Fig. 2. (a) Average proportion of nodes persisting reported by competing approaches.
(b) General trend of the top 5 most frequent words for communities having lifespans of
3 to 14 years. (c) Frequency of the top 5 most used words in Scis . (d) Cumulative
topological information.

3 Experiments

We demonstrate the suitability of the proposed approach on the seventh ver-
sion of the DBLP dataset! [8]. The DBLP dataset contains the co-publications
of authors. For each paper published it gives the paper title, the authors, the
year, the publication venue, the index identification of the paper and the iden-
tifications of references to the paper. We built undirected, unweighted graphs
between co-authors in the fields of data mining, machine learning and artificial
intelligence and databases from year 1977 to 1999, taking each year as a snap-
shot. Note that in this dataset, nodes correspond to authors and edges reflect
co-authorship relations. The total number of nodes is 12,178 while the number of
nodes in the different snapshots varies from 80 to 1,709. To identify communities
in each snapshot, we use the Infomap algorithm, a parameter-free approach for
community detection. For each detected community, we define the bag-of-words
obtained from titles of papers written by co-authors.

! http://arnetminer.org/citation
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The experimental results are given in Fig. 2. Fig. 2(a) gives the histogram of
the average proportion of nodes persisting in all competing approaches. As we
can see from Fig. 2(a), the average proportion of nodes persisting is higher in
our approach. This suggests that the proposed similarity measure is capable to
track well communities of co-authors over time than those proposed in [2], [4]
and [5]. Moreover, as depicted by Fig. 2(b) which illustrates the general trends
of the top 5 most frequent words that persist for communities with lifespans of 3
to 14 years, we can see that, in general, the most frequent words remain present
over the different communities’ lifespan. The same observation occurs for the
community Scis  with a 14 years lifespan (Fig. 2(c)).

We note that the results observed in Fig. 2(c) can be explained by the cumu-
lative topological structures depicted in Fig. 2(d) where we observe how the
capacity of the community to attract and keep a node remains stable from the
year 1986, while the conductance and transitivity of their evolution show the
strength of the community over time.

4 Conclusion

In this paper, we have presented an approach for tracking community structures
in dynamic social networks. Our experiment suggests that the proposed approach
can track communities as a sequence and preserve the generated content across
different time points. Moreover, the evolution of topological structure explored
in the experiment reveals interesting information which may be important to
better understand the evolution of communities with their related content. In
our continuing research, we are exploring the topological structure to render the
approach capable of predicting the future transitions a community may undergo.
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