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Abstract. Challenges of detecting communities among users’ interactions play
the popular role for days of Social Network. The previous authors proposed for
detecting communities in different point of view. However, similarity based on
edge structure and nodes which cannot group into communities are still motivating. Considering the community detection is motivating from the similarity
measurement to detect signiﬁcant communities which are high tightly connected
each other upon the edge structure and outliers which are unnecessary to group
into the communities. This paper is proposed the approach of using similarity
measure based on neighborhood overlapping of nodes to organize communities
and to identify outliers which cannot be grouped into any of the communities
based on Edge Structure. The result implies the best quality with modularity
measurement which leads to more accurate communities as well as improved
their density after removing outliers in the network structure.
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1 Introduction
Social networks are naturally modeled as graphs, which we sometimes represent it as a
social graph. The entities are nodes, and an edge that connects two nodes if the nodes
are interacted by the relationship that forms the network. For Facebook friendship
graph which we will use in our work, social graphs are undirected and unweighted. The
communities of complex networks are groups of nodes which are high tightly connected with nodes of the same group other than with less links connected with nodes of
different groups [18]. Communities may be groups of friendship in social networks, sets
of web pages concerning with the same topic and groups of cells with similar functions.
While identifying the communities in graphs, nodes which cannot groups with any
communities and need not be necessary group, will be identiﬁed as outliers. The early
observer of outlier is Hawkins [2]. He said that “An outlier is an observation that
deviates so much from other observations as to arouse suspicion that it was generated
by a different mechanism”. The groups of vertices which are similar to each other is
naturally assumed as communities. The similarity between each pair of vertices can be
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computed with respect to some reference property, local or global, no matter whether
they are connected by an edge or not. Vertices which have similarity value with the
communities can be group into the corresponding communities. Our proposed
approach is adopted from Hawkin’s deﬁnition, nodes which have no any friendship or
there are no common friends, so much deviate and saturated with individual lonely is
deﬁned outlier and community based on similarity measure on Edge structure.
This paper explores the use of neighborhood overlapping by using vertex similarity
method for outlier and signiﬁcant community detection. The heart of this approach is to
represent the underlying dataset as an undirected graph, where a user refers to each
node and friendship between two users represents each edge. Before we measure the
similarity among neighborhood overlap, ﬁnding seed node by using the degree centrality is necessary which is designed to ﬁnd nodes that are most “central” to the graph.
We operate similarity from the most centrality node and its neighborhood nodes. The
values of zero similarity are then used to identify as outliers.
To illustrate, consider graph of Fig. 1, which consists of 18 nodes and 25 edges.
Upon applying approach method, three communities are represented by yellow, green
and dark orange color. Continually, red color nodes are shown as outliers. It can be
seen the signiﬁcant communities and outliers in this toy example.
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Fig. 1. Example of communities and outliers.

The rest of paper is organized as follows. Section 2 briefly surveys related work. In
Sect. 3, we describe the background methodology of our work. And then, we briefly
describe about our propose system in Sect. 4. In Sect. 5, we discuss about the
experiment and evaluation of our work. Then, we concluded our work in Sect. 6 and
talk about our future idea.
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2 Related Work
Many approaches of outliers detection algorithm have been proved over years. Each
trend has efﬁcient and effective in their ways. After the time of Hawkins [2] deﬁnition,
many different points of view in outliers were appeared. Graph based outlier detection
were also appeared with the flow of researchers. SimRank method [3] identiﬁed the
proximity measure of graph that quantiﬁed the closeness of two nodes in the graph,
which based on their relationships with other objects and computed the similarity of the
structural context in which the graph objects occur. Several variants of SimRank were
also proposed by [5, 17]. On the other hand, [8] proposed the one could use to compute
various measures associated with the nodes in the given graph structure, dyads, triads,
egonets, communities, as well as the global graph structure. [9] proposed OddBall
which is an algorithm to detect anomalous nodes in weighted graphs. Detecting
anomalous sub-graphs using variants of the Minimum Description Length
(MDL) principle was proposed by [1]. Outrank method [4] also used the MDL principle as well as other probabilistic measures to detect several types of anomalies (e.g.
unexpected/missing nodes/edges). OutRank and LOADED [13] used similarity graphs
of objects to detect outliers. MDL to spot anomalous edges was used by [6]. [7] used
proximity and random walks, to assess the normality of nodes in bipartite graphs. [14]
proposed the method of detecting outliers with community by using minimum valid
size (mvs). If the minimum size is 2, it will be chosen the single node and marked it as
outlier. In contrast to the above, we work with undirected and unweighted graph data
with method of overlapping neighborhood. We explicitly focus on edge structure to
detect outliers and signiﬁcant communities with nodes similarity.

3 Background Theory
3.1

Graph

We consider basic deﬁnitions of a given network represented as a directed graph or
undirected graph. Facebook friendship network which we will use in our work here, a
graph may be undirected, meaning that there is no distinction between the two vertices
associated with each edge.
The notation of a graph G = (V,E) consists of two sets V and E. The elements of
V = {v1, v2, . . .,vN} are the nodes or vertices of the graph G where each vertex viis
associated with the instance xi from the input data X and the cardinality of |V | is N. The
elements of E = {e1, e2, . . .,eM} are links or edges between nodes and the cardinality of
|E| is M. An edge connecting the vertices vi and vj is denoted by eij [15]. The example
of social network imagine as a graph is shown in Fig. 1.
3.2

Node Degree and Its Neighborhood

In network G, the degree of any node i is the number of nodes adjacent to i. The degree
of node v is d ðvÞ, that is, the number of edges associated with node v.Generally, the
more degree that the node has, the more important it will be [10].

Community and Outliers Detection in Social Network

61

Two vertices v and u are called neighbors, if they are connected by an edge. Let Ci
be the neighborhood of vertex i in a graph, i.e., the set of vertices that are directly
connected to i via an edge. For a given node u, N ðuÞ ¼ fvjðu; vÞ 2 Eg is a set of
containing all neighbors of node u [10].
3.3

Communities

The communities of social network are groups of nodes, with more links connecting
nodes of the same group and comparatively less links connecting nodes of different
groups. Communities may be groups of related individuals in social networks. Identifying communities in a network can provide valuable information about the structural
properties of the network, the interactions among nodes in the communities, and the
role of the nodes in each community [18].
In an undirected graph GðV; E Þ; where the total number of node, jV j ¼ n and total
number of edges,jE j ¼ m are deﬁned. We can identify set of communities such that
0
Coms ¼ fV10 ; V20 ; . . .. . .::; Vcn0 g where [ cn
i¼1 Vi Vi and cn is the total number of
0
0
communities Coms should satisfy, Vi \ Vj ¼ /½14.
3.4

Vertex Centrality

The importance of a node is determined by the number of nodes adjacent to it. The
larger the degree of node, the more important the node is. Those high-degree nodes
naturally have more impact are considered to be more important. The degree centrality
is deﬁned as
ð1Þ
When one needs to compare two nodes in different networks, a normalized degree
centrality should be used,
CD0 ðvi Þ ¼ di =ðn  1Þ:

ð2Þ

Here, n is the number of nodes in a network. It is the proportion of nodes that are
adjacent to node vi ½10.
3.5

Outliers

According to Hawkins [2], outliers can be deﬁned as follows: “An outlier is an
observation that deviates so much from other observations as to arouse suspicion that it
was generated by a different mechanism”. Most outlier detection schemes adopt
Hawkin’s deﬁnition of outliers and thus assume in our system is that outliers are nodes
which have zero values of similarity measure in graph. Each node in a graph cannot be
grouped into any of the communities is called outlier. As such, these outliers can be
easily detected by existing distance or density based algorithms. However, in this paper
we focus on outliers that might be concentrated in certain regions. We take edge
structure based approach in graph to solve this problem. Outliers and communities can
be deﬁned by:
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Outs ¼ fvjv 2 V; :9Vi0 2 Coms ^ v 2 Vi0 g ¼ V 

[cn
i¼1

Vi0

ð3Þ

Outliers directly identiﬁed by getting nodes from small communities [14, 19]:
Coms
Coms

[
\

Outs ¼ v
Outs ¼ 0

Where, Coms is the community and Outs is indicated as outlier.
3.6

Vertex Similarity

It can be assumed that communities are groups of vertices similar to each other. We can
compute the similarity between each pair of vertices after searching seed nodes. Most
existing similarity method are based on the measurement of distance called Euclidean,
Manhattan and etc., Although, to considered the similarity between selected node and
is neighborhood, Jaccard Similarity is more convenient in this work which we will
measure the similarity based on the overlapped neighbor of seed nodes. Let Ni denote
the neighbors of node vi . Given a link (vi ; vj ), the neighborhood overlap is deﬁned as
number of shared friends of both vi and vj
number
of friends who are adjacent to atleast vi and vj

Ni \ Nj 

¼ 
Ni [ Nj   2

Overlapðvi; vjÞ ¼

ð4Þ

We have 2 in the denominator just to exclude vi and vj from the
 set Ni [ Nj . If
there are no overlap vertices in any two Ni andNj means Ni \ Nj  ¼ ;, it can be
identiﬁed Nj as outliers of Ni . Assuming like that, our work identify outliers are
appeared with among separated communities [10].

4 Proposed Approach
Network can be represented as graph for detecting outliers and signiﬁcant communities.
In this paper, we use concept of undirected graph in which two vertices have common
node, if they share one or more of the same vertices. Let Ci be the neighborhood of
vertex i in a network, i.e., the set of vertices that are directly connected to vi via an
edge. Then the number of common friends of vi and vj is jCi \ Ci j. Contrary, nodes
which have no any other node in common or sometime they can be isolated, we can
identify them as outliers, can be given as jCi \ Ci j ¼ 0. In our work, we propose the
system to identify signiﬁcant community with detecting outlier by using node similarity
depend on this concept. Node similarity measurement can be considered in detecting
communities, groups of vertices are similar to each other. The detected communities
are deﬁned by the computation of the similarity values of vertices and the
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corresponding seed node. This paper used the most common used method in considering of the similarity between selected node and its neighborhood is Jaccard Similarity. It is more convenient in this work which will be measured the similarity based on
the neighborhood overlap of seed nodes. Let Ni denote the neighbors of node vi .
Our work is based on the following intuitive properties:
• Outliers are deﬁned by nodes which have no any intersect value to its related ones.
• Seed node is determined by degree centrality method which has the largest degree.
• Communities are calculated by Vertex Similarity among nodes that are linked to
seed node.
• Nodes that belong to the same communities are likely to be more links connected to
each other.
• Each community is likely to be fewer links outside the rest of the graph.
• Nodes in the same community are likely to share common neighborhood node.
The heart of this work has three main processes, ﬁrstly ﬁnding the intersect value of
related node to detect outliers, then use the method of the degree centrality to determine
seed nodes and ﬁnally use the method of neighborhood overlap based on vertex
Similarity for detecting the communities.

5 Experiments
5.1

Description of Datasets

In this paper, a real undirected network, the popular studies in social network analysis,
Zachary Karate Club Dataset [20] is used. In this Dataset statistics, “nodes” represents
the number of friends; “Edges” represents the number of friendship in the network.
There are 34 member nodes and 78 edges as shown in Fig. 2.
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Fig. 2. Original network of Zachary Karate Club.
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Evaluation Method

Generally, in thinking about the evaluation method of how good of a community, a set
of nodes which have no ground truth community in undirected and unweighted graph,
there are two criteria of interest. The ﬁrst is the number of edges between the members
of the cluster, and the second is the number of edges between the members of the
cluster and the remainder of the network. The two groups are Multi-criterion scores and
Single-criterion scores. Firstly, it is represented as Multi-criterion scores, combines
both criteria (number of edges inside and the number of edges crossing) into a single
objective function; the next criterion is the objective functions employs only a single of
the two criteria (e.g., volume of the cluster or the number of edges cut).
Multi-criterion Scores. Let GðV; EÞ be an undirected graph with n ¼ jV j nodes and
m ¼ jEj edges. Let S be the set of nodes in the cluster, where ns is the number of nodes
in S, ns ¼ jSj; ms is the number of edges in S, ms ¼ jfðu; vÞ : u 2 S; v 2 Sgj; and cs , the
number of edges on the boundary of, cs ¼ jfðu; vÞ : u 2 S; v 62 Sgj; and d ðuÞ is the
degree of u.
It is considered the metrics f ðSÞ that capture the notion of a quality of the cluster.
Lower value of score f ðSÞ signiﬁes a more community-like set of nodes [16].
s
• Conductance: f ðSÞ ¼ 2mscþ
cs measures the fraction of total edge volume that points
outside the community. The smaller the value of Conductance is, the better the
community quality is [16].
• Expansion: f ðSÞ ¼ ncss measures the number of edges per node that point outside the
community. The smaller the value of Expansion, the better the community quality is
[16].

Single-criterion Scores. Next it is also considered community scores that is a single
criteria. Here it is considered the following two notions of a quality of the community
that are based on using one or the other of the two criteria of the previous subsection:
P
• Volume:
u2S d ðuÞ is sum of degrees of nodes in S. The larger the value of this
metric is, the better the community quality is [16].
• Edges cut: cs is number of edges needed to be removed to disconnect nodes in S from
the rest of the network. The smaller it is, the better the community quality is [16].
5.3

Results and Evaluation

The communities and outliers result of our evaluation are shown in Figs. 3, 4 and 5.
Firstly, the outliers are deﬁned with the zero value by calculating the method of
intersection between their corresponding nodes which are based on the edge structure.
In this paper, there are two outliers (node 10 and node 12) that had no friendship of
common neighbors between different nodes. Then, seed nodes were determined by
using vertex centrality. After determining seed node, the similarity measurement was
processed the computation of overlapped value of common node between the correspondent seed node and its neighborhood. As shown in Fig. 3, there are two detected
communities and two outliers by using the proposed approach.

Community and Outliers Detection in Social Network

Fig. 3. Two Communities and Outliers by using proposed approach.
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This paper is measured by using two different quality of community as described in
Sect. 5.2. Figure 4 showed the signiﬁcant result based on the ﬁrst two connections. In
the last connectivity, the amount of the expansion value is very few in the expected
number of links between the communities, therefore, it can be seen that the smaller
conductance and expansion values are signiﬁcant as shown in Fig. 5. Therefore, it can
be decided that considering detecting outlier is effective to get the signiﬁcant community in social network.

6 Conclusion
This paper proposed the approach to identify outlier and detect the community of social
networks using the overlapping of neighborhoods with the method of vertex similarity.
It described the detail computation to detect outliers with no common node and
community with common node. The previous methods had been considered the
structure of community without outlier. Therefore, this approach proposed outlier
detecting method by using edge structure to get the effective community. In this paper,
we based on edge structure of unweighted and undirected graph to detect the outlier
and signiﬁcant communities without thinking any information of the structure.
We used the standard real network dataset from Zachary Karate club [20]. It was
used two quality measurement, single-criterion score and multi-criterion scores [16] to
deﬁne how much our community is good and signiﬁcant. By using the method of
determining outlier with detecting community the density of our method’s result is
signiﬁcant in measurement. The drawback of our method is only based on edge
structure without considered any information such as proﬁle of user. So, our future will
be used feature of users to detect effective community.
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