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An Incremental Solution for Content-Structural Graph Clustering
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Abstract

Researchers have always been interested in graph nodes clustering based on content or structure. But less attention
has been paid to clustering based on both structure and content. But a content-structural clustering is needed in
information networks like social networks. In this paper, the ICS-Cluster algorithm is proposed which takes into
consideration both the structure and content aspects of the nodes. The purpose of this approach is to gain a
coherent internal structure (structural aspect) and homogeneous attribute values (content aspect) in the graph. In
this approach firstly the graph is converted into a content-structural graph which edges’ weight show similarity
between the connected nodes. Incremental clustering is done based on edges’ weight in this process the edges with
the most weight is considered as clusters then the weight of connected edge to the cluster is aggregated and they’ll
be one edge, the process is repeated until the algorithm reaches the number of clusters that indicated by the user.
ICS-Cluster algorithm number of cluster is indicated by the user. Comparing ICS-Cluster with other content
structural algorithm based on six criteria for measuring cluster quality shows that ICS-Cluster has good
performance. These criteria contain structural criteria (Modularity, Error Link, and Density), content criterion
(Average Similarity), content-structural criterion (CS-Measure) and the run time.

Keywords: Graph Clustering, Content-Structural Clustering, Attributed Graph, Cluster Extraction
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Input: A weighted graph G(¥. E. ¢). where ¥ is a set of vertices (represent nodes), E is a set of
edges connecting the vertices in ¥ (they represent the connectivity between nodes), and c is a set
of cost values (measured in ETX) associated with the edges in E. The SN id is also given as an
input.

Output: A shortest path tree rooted at the SN (s) and that reaches each vertex in ¥ through a
shortest path.

BEGIN

1: N« 5 // N contains only the source node

2: d(s) <0

3 res

4: for each node n in ¥ (except the SN s ) not in N do
5: dny < =

G end for

7 repeat

8: for each v directly connected to 7, and not in N do
9: if p(r) not NULL then

10: c(r. v) = c(r. v) — prob[p(n][v] = e(p(r). 1.
11 end if

12 d(v) = min{d(v). d(r) + c(r. v)}

13: end for

14: find node x not in V and d(x) is minimum

15 insert x into N/

16: px)=r

17 r=x

18 untilN=V¥

END
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