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Abstract. Community detection aims at partitioning a network into subgroups
of densely connected nodes. While many approaches focus on community detection based on users’ relationships, the latter may be not effectively enough since
some communities may be topic dependent. In this paper, we propose a method
that detects communities by considering users and their topics. More specifically,
our approach combines cues extracted from the users’ exchanges and the ones
extracted from their posts. The data collection and the evaluation measures we
intend to apply our method on are also presented in this paper. Yet, evaluation is
not included in this paper.
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Introduction

Community detection aims at partitioning a network into subgroups of densely connected users [4] with similar interest, background or purpose. Community detection is
an important topic to discover the complex structure of social networks, and is applied
in several fields such as biology, sociology and computer science.
It has been widely applied in several domains such as influence analysis [10], bibliometry [26], network security [5], and criminology [8].
It is also applied in social network analysis. A social network can be represented
as a network composed of nodes and links, where the nodes denote the users, and the
edges denote the relationships between these users.
In that context, community detection aims at grouping similar users into clusters,
where users within a group tend to be more similar as compared to nodes outside the
group.
Since community is originally determined based on linkage structure, previous community detection methods tend to purely consider the network’s topology [1,9,21].
However, this information is not satisfactory in accurately defining the community
membership because the topology is often sparse and noisy [25]. Other studies considered only the content to identify groups of users [22,24] but the results are not highly
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convincing since the inappropriate content attributes could miss-lead the process of
community detection or some communities may be topic dependent. A few studies investigated combining users’ link and users’ content [15,20]. The authors consider each
user as a node and the user’s post content as the attributes of the nodes under the form of
keywords. The authors then use a single assignment clustering method to detect communities. The applicability of these methods is limited: as each node can belong to a
single community only, these methods cannot detect overlapping communities.
In this paper, we take on a method to identify communities in social networks that
considers both users’ interaction and their message content while using light computing.
The users’ interaction is defined based on the retweet action while the users’ messages
are considered in term of the semantic similarity. We integrate these two factors to
detect communities. Our current work is to evaluate this method, thus results could not
be included in this paper.
The rest of the paper is organized as follows: Section 2 presents the related work.
Section 3 describes three proposed approaches to identify communities in social networks. Section 4 presents the experiment scenario, the data, and evaluation measures
that could be used to evaluate this scenario. Finally, Section 5 concludes this paper.
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Related work

Most of recent work in social community detection focused on users’ interaction [1,9,21]
while very few of the studies consider the users’ message content [22,24] or combine
these two factors to identify groups in social networks [15,19,20]. We only report studies that consider these both factors since they are comparatively few and new, and are
the more related to our work.
Ruan et al. [19] extract communities by combing link strength and content similarity in graph structure. Link strength is measured based on whether the link is likely to
reside within a community with high probability while content similarity is estimated
through cosine similarity. They first create content edges among nodes, then sample the
union of link edges and content edges with bias, retaining only edges that are relevant in
local neighbor hood. Finally, they partition the simplified graph into clusters. Also integrating topology and content, Qui et al. [15] introduced a method of identifying social
communities under the framework of non-negative matrix factorization. Their method
uses adjacency to represent the network connectivity, then associates the corresponding semantic description of each community by adding an attribute to each node. This
attribute corresponds to a keyword extracted from the content . The authors assume
that the description for the same community should be semantically similar while the
description among different communities should be different.
zhao et al. [27] proposed an approach to identify the topical opinion leader in social community question answering by combining the topic sensitive influence and the
topical knowledge expertise. To measure the true topical influence of users, the authors
incorporated the network structure, the topic interest similarity and the topical knowledge to measure the true topical influence. In their method, they infer each user’s topic
interest and knowledge authority from past posts. They confirmed the existence of homophily which implies that a user follows another having the similar topic of interest.
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To measure the topical knowledge expertise, the authors employ the topic-relevant metrics that accounts for knowledge capacity, satisfaction and contribution.
Surian et al. [20] identified communities on Twitter network by either considering
the tweet content or considering the follow relationship among users. They used Latent
Dirichlet Allocation (LDA) method to infer the topics from tweets and used Louvain
method to detect communities based on following interaction. They then measured the
alignment between topics and communities for the users who were part of the largest
connected component. They concluded that there are clear differences in the distribution
of topics across communities defined by the follower network. The authors considered
only the largest community detected by the two methods; thus their conclusion may not
be relevant for the other communities.
Different from the above studies, we suggest to identify communities in social network by considering both the embedding user (retweet relationship among users) and
the semantic similarity of the users’ message content.
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Proposed method

In this paper, we address the problem of community detection in social networks by considering both the embedding users relationship and embedding users’ message content.
In this approach, each user is considered as a node. We first detect users who resent a post from other users and consider these interactions as relationships between
users (edges between nodes). In social networks, most of users re-post messages from
their friends (which appear on their timeline) when they agree with the message content or find the messages interesting. These re-posting messages may be extensions of
or same as the original ones. The re-posts not only show indirect user relationships but
also correspond to high semantic similarity in their content. We thus hypothesize that
using the re-post interactions can help detecting communities with similar interest or
background. In the next step, we use a community detection method to detect communities. Several community detection methods can be used in this purpose such as
InfoMap [18], Label Propagation [16], Leading Eigenvector [12], Louvain [2], Spinglass [17], or Walktrap [14].
Whatever the social media considered, each user, either the user who writes an
original message or the one who resent it, is a node. The approach is then implemented
in the two following steps:
– We identify edges based on the resent relationship. If the user A resent a user B’s
post then we add an edge between the user A and the user B.
– We use traditional community detection methods to detect communities for above
identified nodes and edges.
The result will be the number of communities and the members of each community.
The approach will be evaluated using the data set and metrics that are described in the
next section.
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Evaluation framework

To evaluate the proposed approach, we developed an evaluation scenario that we will
run on a tweet data set that we built. We will make this data set available to the research
community on demand. Moreover, we will use usual metrics for community detection
evaluation as presented in this section.
4.1

Data set

The data set we will use includes 20,000 retweets extracted from the 1 percent of tweets
collected during the second week of January 2017 by IRIT, France within a spam
detection project [23]. Each tweet in this data set is composed of several pieces of
information regarding a twitter’s post such as the author of the tweet, the content of
the tweets and other objects. These 20, 000 retweets in our collection were created by
30, 271 users.
4.2

Evaluation measures

In community detection, algorithms are compared either on their efficiency (time taken
to partition the network) or effectiveness (how relevant the extracted communities are)
or both. With regard to effectiveness, various measures are used [11,3,6]; among this
we will apply two well-known and widely used measures which are Modularity and
Normalized Mutual Information as well as the newly defined f -divergence-based metric [7].
Modularity [13] is used to measure the difference of fraction of the edges that fall
within communities and expected number of edges in a random graph:
Modularity =

dx dy
1
(Axy −
)δ(cx , cy )
2M ∑
2M
xy

where x and y are nodes, M is the number of edges in the network, dx and dy are
the degrees of x and y respectively; δ(cx ,cy ) equal to 1 when x and y belong to the same
community and 0 in the other case.
Normalized Mutual Information (NMI) [3] is the measure used to evaluate the similarity between two partitions X,Y. The measure is:
N N

NMI(X,Y ) =

cY
X
−2 ∑ci=1
Ni j log( Ni.i Nj . j )
∑ j=1
c

X
Ni. log(
∑i=1

N. j
cY
Ni.
N ) + ∑ j=1 N. j log( N )

where Nij is the number of nodes in the community i (in X) that appear in the
partition j (in Y); cx and cy are the number of communities in X and the number of
communities in Y respectively; Ni. is the sum over row i of matrix Nij ; N.j is the sum
over column j.
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Accordingly, if the communities in X match with the communities in Y then NMI
index is equal to 1; if the communities in X are totally different from the communities
in Y then the NMI index is 0; otherwise the amount will be in the range from 0 to 1.
f -divergence based metric [7]
(p(x,y)−p(x)p(y))2

∑x,y
χ2 (PXY , PX PY )
p(x)p(y)
= 1−
MDχ2 (X,Y ) = 1 −
Kmax
Kmax − 1
= 1−

∑x,y

p2 (x,y)
p(x)p(y)

=

(1)

−1

Kmax − 1

.

where Kmax denote the maximum number of communities in X and Y respectively,
i.e. Kmax = max{KX , KY }, where KX and KY are the number of communities in partitions
X and Y respectively.
4.3

Baselines.

The results of our method will be compared to the state of art [20] described in the
related work section 2. For this, we will first re-implement the state of the art methods
and applied them to our data set to obtain fair baselines.

5

Conclusion

In this paper, we propose a new approach to detect communities in social network considering both embedding users and messages content. We described the approach as
well as the experiment scenario to evaluate the method on a real tweet collection. We
have also described the evaluation metrics we will use to evaluate our approach and
compare it to related work.
We are implementing the evaluation scenario and expect the result yields in the very
near future. We are also designing variants of the proposed approach.
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