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Abstract: Many real-world social networks exist in the form of 

the complex network, which includes very large scale structured 

or unstructured data. The large scale networks like brain graph, 

protein structure, food web, transportation system, WorldWide 

Web, online social network are sparsely connected globally 

anddensely connected locally. For detectingdensely connected 

clusters from complex networks, graph clustering methods are 

useful. Graph clustering performs through partition a graph 

based on edge cut, vertex cut, edge betweeness, vertex similarities, 

topological structure of graph. Most of the graph clustering 

methods predominantly emphasis on topological structure of 

graph and not bearing in mind the vertex properties/attributes or 

similarity based onindirectly connected vertices. In this paper, we 

propose a CSGCluster, a novel collaborative similarity based 

graph clustering methodfor community detection ina complex 

network. In this, we introduce concepts, Approachable Unitto find 

similaritiesfor directly connected vertices andintroduced shortest 

path strategy for indirectlyconnected vertices and based on that a 

graph clustering method,CSG-Cluster is presented. For this, a 

new collaborative similarity approach is adopted to computevertex 

similarities. In the CSG-Cluster method, weform a group of 

vertices based on distance measures based on calculated similarity 

with the help of K-Medoids framework. Performs experiment on 

two real datasets with other relevant methods in whichresults 

shows the effectiveness of CSG-Cluster.This idea is suitable for 

graph database to apply collaborative similarity during query 

processing. 

 

Index Terms: attribute similarity, community detection, complex 

network, graph clustering, vertex similarity 

I. INTRODUCTION 

Nowadays, exponentially data generating and travels 

across the internet is not only significant in volume but also 

complicated. The amount of data travelling across the 

internet today is not only in the massive amount of size but is 

complex as well. Many real-world complex networks exist in 

the form of Big Data. Big Data of complex networks includes 

a large scale of data in the form of structured, semi-structured 

and unstructured[1–4].A various complex network is 

available in the form of human brain graph[5], protein 

structure[6,7], food web [8], transportation system [9], World 

Wide Web [10–12],  etc.  Most of the commercial and 
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bioscience applications have complicated structure which 

required additional efforts to analyse it. Data visualisation of 

the complicated structure can be formed in trees, networks, 

graphs which provides the connectivity in a complex 

network. 

In the complex network of IoT based application, data 

generation rate is exponential which generates heterogeneous 

/ semi-structured data, and for such semi-structured data, 

different types of NoSQL databases are supports [13][14] 

 

Figure 1: Applications of Community Detection in Complex Network 

 

A graph data structure becomes popular nowadays for Big 

Data Analytics. Graph structure provides interaction between 

nodes, weights and their properties.In figure-1, various 

applications for community detection represents which form 

graph — for these applications, modelling and generating a 

graph based on their structure, attributes, weight and 

direction (whether directed or undirected) becomes an 

important task. Communities of proteins networks identify 

functionally related to protein-protein interaction and also 

supports earlier stages of diseases treatment related to drug 

discovery[6,7,15]. In a graph of a complex network, nodes 

are connected with the neighbour node and other nodes and 

form various kind of network. Community detection from 

complex network various measures like vertex similarity, 

edge betweenness, distance measures techniques used. Graph 

clustering based on densely connected networks used vertex 

similarity known as a structural similarity[16]. Most of the 

clustering performs similarity measures, either structure 

based or attribute based. There are few methods which 

considered both structures as well as attribute similarities.  
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For example, publications of authors based on citation, 

co-author and research area different community may also 

form sometimes it forms overlapping of community in the 

different cluster for social network and publication network.  

In proposed method,the relevantgraph clustering method 

for identifying structural and attribute similarity for 

community detection in a complex network is discussed. 

Our method partitions a large scale graph basis on 

connectivity and attributes and partitioned into k number of 

clusters so that each cluster have densely connected subgraph 

with homogeneous attribute values as well. 

In this, we propose a new graph clustering method, 

CSG-Cluster, based on Approachable Unit between two 

vertices for graph clustering. CSG clustering can achieve the 

graph clustering by identifying collaborative similarity (i.e. 

both structure and attribute) similarities. (1) A novel 

pair-wise topological similarity approach based on the 

approachable unit for direct vertex connectivity. (2) A novel 

path selection strategy based on the product of the maximum 

approachable unit is employed for indirect vertex 

connectivity.  

The respite of this paper is organised as follow: Section 2 

with the related work towards community detection 

methodology. The proposed work related to CSG-Cluster 

collaborative similarity for community detection in complex 

networks has been discussed in details in Section-3. In this, 

we introduce the concept of approachable Unit for directly 

connected vertices and shortest path strategy for indirectly 

connected vertices.  Section -4 discussed experiments on two 

real datasets with other relevant methods in which results 

shows the effectiveness of CSG-Cluster and then, concludes 

the paper. 

II. RELATED WORK 

Many community detection method using graph clustering 

approach based on structural, attribute and collaborative 

similarity in a complex network. In a complex network, 

vertices are sparsely connected globally and densely 

connected locally[17]. In such a complex network, vertices of 

within a cluster have a higher density of edge and another 

way those vertices connected with other cluster have a lower 

density of edge.[18,19]. The vertex belongs to the same 

cluster/community is possible to have common parameters 

like connectivity, attributes, interests, follows and many 

more. For example, the Facebook network forms 

communities based on mutual friends, post follows by the 

user and based on that recommend new connection can part 

of the community. [20].W-Cluster[26], SA-Cluster[27] have 

been proposed graph clustering performs based on structural 

and attribute similarities. Unified neighbourhood random 

walk method is used to measure vertex closeness among the 

vertices. For attributed and structural based similarity 

weighted function is used where the weight for structure and 

attribute represents with α and  respectively.IGC-CSM[22], 

AR-Cluster[21] have been proposed for measures 

collaborative similarity by combines both structural and 

attribute similarities with consideration of vertex 

connectivity with another vertex whether it is connected, 

disconnected or indirectly connected. After finding of 

similarities between vertices, K-medoids framework is used 

for clustering. However AR-Cluster[21] have been adopted 

attracting factor and degree for directly connected nodes and 

recommending the degree for indirectly connected node 

which strengthen the structural similarities among the 

vertices. 

Graph clustering measures the vertex closeness through 

vertexconnectivity with other vertices,structural similarity, 

random walk distance, etc. for community detection. Vertex 

closeness based on connectivity and structural similarity: In a 

graph clustering based on the number of the possible path 

between two vertices(i.e. connectivity)and the number of 

common vertices between two vertices(i.e. structural 

similarity), many algorithms have been proposed based on 

this approach for community detection.  

The contribution of this paper summarised below: 

1. Approachable Unit based on vertex degree and weight 

of connection for a directly connected node is presented 

2. A new structural similarity for indirectly connected 

nodes measured throughshortest path calculation on 

Approachable Unit is used 

3. A graph clustering method based on collaborative 

similarity is proposed. 

 
Symbols Description 

Va Vertex a from a set of Vertices in graph G 

d(Va) No. of degrees of vertex a 

K Number of clusters 

Va Vb Direct connectivity between two vertices 

Va Vb An indirect connection between vertices, 

i.e. through the intermediate node 

VaVb Disconnected two vertices 

Web the weight associated with the connection 

between vertices a and b 

Wattri weight of ithattribute 

Table 1:  Frequently used Symbols 

III. PROPOSED METHOD : CSG CLUSTER 

In this section, we proposed Approachable Unit as AU and 

Approachable Path as AP which used to perform graph 

clustering on complex network. An undirected weighted 

attribute based graph exemplify as G(V,E,,W) where V is 

number of vertices graph G, E is edges/connectivity of 

vertices with other vertices in which weight of edge of Va and 

Vb defined as Web ,  is attribute(s) of each vertex in which 

attributes of Va represent as attri(Va)={attr1(Va), 

attr2(Va),attr3(Va), . . . . . . . ,attrn(Va)}.  In a graph, if two 

vertices have direct link between them we represent as 

directly connected node and if any path possible for 

connectivity between two vertices we represent as indirectly 

connected otherwise those two vertices are disconnected.  

A graph has topological structure, which represents the 

connection of vertices with other vertices with its due weight 

as well as vertex properties. Both topological structure and 

vertex properties have their importance; however, 

utmostpresent methodologies deliberate any one of them. In 

this context, we propose a CSG-cluster which is collaborative 

similarity based on  graph clustering.  
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The proposed method is grounded on the Approachable 

Unit and Approachable Path. Some symbols which used 

frequently are described in Table 1.   

A. Approachable Unit 

AR-Cluster[21] analyzes Attracting factor and Attracting 

degree of graph clustering where for undirected graph they 

separately calculated Attracting Factor for directly connected 

node Va and Vb, and consider its average in Attracting Factor , 

means calculated for f(Va,Vb) and f(Vb,Vb)  and its average is 

considered as Attracting Degree as A(Va,Vb).  We proposed 

Approachable Unit of undirected graph for directly 

connected node Va and Vb, consider the cumulative of all 

degrees of Va and Vb and consider only once the weight. The 

Approachable Unit AU(Va,Vb) for vertex Va and Vbis defined 

in equation (1).   
 

𝑨𝑼(𝑽𝒂, 𝑽𝒃) 

 

= ln(1 + 
𝑑(𝑉𝑎) +  𝑑(𝑉𝑏) − 1

∑ 𝑊𝑎𝑖
𝑑(𝑉𝑎)

𝑖=0 +∑ 𝑊𝑏𝑗
𝑑(𝑉𝑏)

𝑗=0
−𝑊𝑎𝑏

∗  𝑊𝑎𝑏) , 𝑉𝑎 ↔ 𝑉𝑏 

 

(1) 

B. Approachable Path  

In a graph G, for indirectly connected vertex Va and Vb find 

the shortest path from source node Va to destination node Vb, 

which is based on the product of Approachable Unit of all 

intermediate nodes. The Approachable Path AP(Va,Vb) for 

vertex Va and Vb is defined in equation (2).   

𝑨𝑷(𝑽𝒂, 𝑽𝒃) 
 

= 𝑀𝑎𝑥 ( ∏ 𝐴𝑝𝑝𝑟𝑜𝑎𝑐ℎ𝑎𝑏𝑙𝑒𝑈𝑛𝑖𝑡(𝑉𝑎 , 𝑉𝑏)

𝑑𝑒𝑠𝑡𝑛𝑜𝑑𝑒

𝑖=𝑠𝑜𝑢𝑟𝑐𝑒𝑛𝑜𝑑𝑒

), 𝑉𝑎 𝑉𝑏 

 

(2) 

C. Structural  Similarity 

     For graph clustering, to identify the structural similarity 

between two directly or indirectly connected node, we adopt 

IGC-CSM [22]and Transitive node similarity[23]method 

mentioned in equation (3) and (4) which is only consider the 

weight of connected node only with the condition that there is 

no other possible path between them. To improve the density 

of cluster, we integrate the structure similarity discover in 

IGC-CSM with our new concept of Approachable Unit and 

Approachable Path. For a disconnected node, structural 

similarity defined as 0. The proposed structural similarity 

Similarity(Va,Vb)structfor vertex Va and Vb is defined in 

equation (5) 

𝑺𝒕𝒓𝒖𝒄𝒕𝑺𝒊𝒎𝒊𝒍𝒂𝒓𝒊𝒕𝒚(𝑽𝒂, 𝑽𝒃)𝒄𝒐𝒏𝒏𝒆𝒄𝒕𝒆𝒅 

 

= 
𝑊𝑎𝑏

∑ 𝑊𝑎𝑖
𝑑(𝑉𝑎)

𝑖=0 +∑ 𝑊𝑏𝑗
𝑑(𝑉𝑏)

𝑗=0
−𝑊𝑎𝑏

, 𝑉𝑎 ↔ 𝑉𝑏 

(3) 

 

𝑺𝒕𝒓𝒖𝒄𝒕𝑺𝒊𝒎𝒊𝒍𝒂𝒓𝒊𝒕𝒚(𝑽𝒂, 𝑽𝒃)𝒊𝒏𝒅𝒊𝒓𝒆𝒄𝒕 
 

= ∏ 𝑆𝑡𝑟𝑢𝑐𝑡𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑉𝑎 , 𝑉𝑏)𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑

𝑑𝑒𝑠𝑡𝑛𝑜𝑑𝑒

𝑖=𝑠𝑜𝑢𝑟𝑐𝑒𝑛𝑜𝑑𝑒

, 𝑉𝑎𝑉𝑏&𝑉𝑖 ∈ 𝑉 

 

(4) 

𝑺𝒊𝒎𝒊𝒍𝒂𝒓𝒊𝒕𝒚(𝑽𝒂, 𝑽𝒃)𝒔𝒕𝒓𝒖𝒄𝒕 
 

= {

𝑆𝑡𝑟𝑢𝑐𝑡𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑉𝑎 , 𝑉𝑏)𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 + 𝐴𝑈(𝑉𝑎 , 𝑉𝑏) , 𝑉𝑎 ↔ 𝑉𝑏
𝑆𝑡𝑟𝑢𝑐𝑡𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑉𝑎 , 𝑉𝑏)𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 + 𝐴𝑃(𝑉𝑎 , 𝑉𝑏) , 𝑉𝑎𝑉𝑏 𝑎𝑛𝑑 𝑉𝑖 ∈ 𝑉

0 , 𝑉𝑎 𝑉𝑏

 

(5) 

D.  Attribute  Similarity 

     For graph clustering, to identify the attribute based 

similarity between two directly or indirectly connected node, 

we adopt IGC-CSM[22] and AR-Cluster[21] method 

mentioned in equation (6) and (7) The adopted 

attribute/context similarity Similarity(Va,Vb)context for vertex 

Va and Vb is defined in equation (6) and (7). 

𝑺𝒊𝒎𝒊𝒍𝒂𝒓𝒊𝒕𝒚(𝑽𝒂, 𝑽𝒃)𝒄𝒐𝒏𝒕𝒆𝒙𝒕 
 

= 

{
  
 

  
 ∑ 𝐶𝑜𝑚𝑚𝑜𝑛(𝑉𝑎, 𝑉𝑏, 𝑎𝑡𝑡𝑟𝑖) ∗𝑊𝑎𝑡𝑡𝑟𝑖

𝑀

𝑖=1

∑ 𝑊𝑎𝑡𝑡𝑟𝑗
𝑀

𝑗=0

, 𝑉𝑎 ↔ 𝑉𝑏 and 𝑉𝑎⊗𝑉𝑏

∏ 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑉𝑎, 𝑉𝑏)𝑐𝑜𝑛𝑡𝑒𝑥𝑡

𝑑𝑒𝑠𝑡𝑛𝑜𝑑𝑒

𝑖=𝑠𝑜𝑢𝑟𝑐𝑒𝑛𝑜𝑑𝑒

, 𝑉𝑎𝑉𝑏 𝑎𝑛𝑑 𝑉𝑖 ∈ 𝑉

 

(6) 

 

𝑪𝒐𝒎𝒎𝒐𝒏(𝑽𝒂, 𝑽𝒃, 𝒂𝒕𝒕𝒓𝒊) 
 

= {
1, if 𝑉𝑎  and 𝑉𝑏 have samethe  attributes.

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
} 

(7) 

E. Collaborative Similarity 

To perform the graph clustering based on the topological 

structure and attribute of the graph, we calculated structure 

and attribute similarity separately. Now, based on the 

application need, we can consider the due weight of structure 

and attribute, which is represented in the form of 

collaborative similarity. The proposed structural similarity 

Similarity(Va,Vb)collaborativefor vertex Va and Vb is defined in 

equation (8). For collaborative similarity, we use influence 

parameter  𝛼 which can defined in range 0 to 1. Value of 𝛼 =
1  represents the graph clustering only performs based on 

structural similarity. For all experiments w,e defined vathe 

lue of α as 0.5 which means its give equal weightage to 

structural and context similarity for graph clustering. 

𝒔𝒊𝒎𝒊𝒍𝒂𝒓𝒊𝒕𝒚(𝑽𝒂, 𝑽𝒃)𝒄𝒐𝒍𝒍𝒂𝒃𝒐𝒓𝒂𝒕𝒊𝒗𝒆 
 

= 𝛼 ∗ 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑉𝑎 , 𝑉𝑏)𝑠𝑡𝑟𝑢𝑐𝑡 + (1 − 𝛼)
∗ 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑉𝑎 , 𝑉𝑏)𝑐𝑜𝑛𝑡𝑒𝑥𝑡  

(8) 

F. Distance Function 

Based on similarity identified in the graph, a grouping of 

vertices in the respective cluster need to define. For the 

grouping of vertices in the cluster, we used K-medoid 

framework. For K-medoid framework, we adopted the 

distance function of AR-Cluster[21] and IGC-CSM[22]. 

Distance function Distance(Va,Vb)for vertex Va and Vb is 

defined in equation (9) 

𝑫𝒊𝒔𝒕𝒂𝒏𝒄𝒆(𝑽𝒂, 𝑽𝒃) 
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=

{
 
 

 
 

1

𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑉𝑎,𝑉𝑏)𝑐𝑜𝑙𝑙𝑎𝑏𝑜𝑟𝑎𝑡𝑖𝑣𝑒
, 𝑉𝑎 ↔ 𝑉𝑏  𝑎𝑛𝑑 𝑉𝑎 ↔ 𝑉𝑏

∞, 𝑉𝑎⊗𝑉𝑏 }
 
 

 
 

 

(9) 

 

IV. EXPERIMENTAL RESULTS 

A. Real Datasets 

Two real datasets DBLP and Political blogs (PBlog)[24] 

are used for experiments of CSG-Cluster. The PBlog dataset 

is a network of US Politics 1490 number of  web blogs with 

19090 connections/hyperlinks among the US politics web 

blogs which recorded by Adamic and Glance in 2005. Each 

web blogs represent as vertices have attributes value with ‘0’ 

or ‘1’ which specifies with liberal or conservative, 

respectively. In US political web blogs, all directly connected 

vertices, the connection edge weight is 1. The US political 

blogs dataset can be downloaded from 

http://www-personal.umich.edu/~mejn/netdata/. The DBLP 

bibliographic dataset has citation information of publications 

which comprises information like paper title, authors (one or 

more than one), source title, and publishers. For experimental 

purpose, we used a subset of DBLP bibliography data which 

have four selected research areas as Database, Data Mining, 

Information Retrieval and Artificial Intelligence. Related to 

PBlog, in DBLP dataset each co-author as vertex have two 

attributes as ‘primary topic’ and ‘prolific topic’. The basis on 

several paper publications by author value of prolific topic is 

defined. For a DBLP graph if author published number of 

papers >=20 then attribute value is to be considered as 

‘highly prolific, and if author published number of paper in 

the range of <20 to >=10 them attribute value is to be 

considered as ‘prolific’ otherwise is to be ‘low prolific’. The 

primary topic is assigned based on the selection of one 

strongly associated topic out of a hundred topics through 

probability distributions. 

B. Evaluation Measures 

For comparing the quality of graph clustering method is one 

of the critical aspects. The quality of cluster can evaluate 

based on different aspect like verticesin a defined cluster, 

vertices are densely connected within a cluster, and the same 

attributes of vertices fall in the respective cluster. Evaluate a 

graph clustering algorithm, various methods and approaches 

have been proposed. We evaluate the proposed algorithm 

CSG-Cluster using the measurement of density and entropy.  

For the identified cluster, the structural closeness measures 

through density. Denstiy[21] is defined in equation(10) as, 

 

𝑫𝒆𝒏𝒔𝒊𝒕𝒚({𝑽𝒄}) = ∑
|{(𝑽𝒎,𝑽𝒏)|𝑽𝒎,𝑽𝒏∈𝑽𝒄,(𝑽𝒎,𝑽𝒏)∈𝑬}|

⌊𝑬⌋
𝒌
𝒄=𝟏 (10) 

Where Vc is the vertex of cluster number from 1 to k. Where k 

represents a number of clusters. The higher value of density 

conveying that strongly connected vertices are defined in the 

same cluster.  

To check the relevance of attribute towards the vertices in 

a defined cluster, entropy[25]value is used for measurement. 

During the evaluation, the low value of entropy guaranteed 

that vertices fall in the same cluster have similar attributes. 

Entropy defined in equation (11) as, 
𝑬𝒏𝒕𝒓𝒐𝒑𝒚({𝑽𝒄}𝒄 = 𝟏 𝒕𝒐 𝒌) 

 

= ∑
𝑾𝒄

∑ 𝑾𝒋𝒎
𝒋=𝟏

𝒎
𝒄=𝟏 ∑

|𝑽𝒍|

|𝑽|

𝒌
𝒍=𝟏 𝒆𝒏𝒕𝒓𝒐𝒑𝒚(𝒂𝒄𝑽𝒍)(11) 

where 𝒆𝒏𝒕𝒓𝒐𝒑𝒚(𝒂𝒄𝑽𝒍) =−∑ 𝑷𝒄𝒍𝒏
𝒏𝒄
𝒏=𝟏 𝒍𝒐𝒈𝟐𝑷𝒄𝒍𝒏 and Pcin is the percentage 

of vertices in respective cluster which havevalue acn on 

attribute ac. It measures the weighted entropy from all 

attributes over k clusters. 

C. Contrast Methods 

We evaluated the proposed method with other relevant 

existing methods for community detection based on graph 

clustering. 

 
Algorithm:1 

W-Cluster[26]:This algorithm for graph clustering performs 

based on structural and attribute similarities. Unified 

neighbourhood random walk method is used to measure 

vertex closeness among the vertices. For attributed and 

structural based similarity weighted function is used where 

the weight for structure and attribute represents with α and  

respectively.  

SA-Cluster[27]: This algorithm finds structural and 

attributes similarities based on random walk distance 

measures. Also, for understanding the different attributes 

contribution degree, it utilizes an adaptive weight 

strategy,which is time- consuming.  

IGC-CSM[22]: The algorithm measures collaborative 

similarity by combines both structural and attribute 

similarities with consideration ofvertex connectivity with 

another vertex whether it is connected, disconnected or 

indirectly connected. After finding of similarities between 

vertices, K-medoids framework is used for clustering.  
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Also, uses a weighted shortest path strategy is adopted 

instead of all paths to reduce computational cost and a search 

space. 

AR-Cluster[21]: This algorithm also combines the structural 

as well as attribute similarities for graph clustering. It is 

adopted attracting factor and attracting degree for directly 

connected node and recommending the degree for indirectly 

connected node which is strengthen the structural similarities 

among the vertices.CSG-Cluster(Proposed work) :This is 

our proposed algorithm. It also performs graph clustering that 

combines the structural and attribute similarities based on 

Approachable Unit and Shortest path strategy as 

Approachable Path. A novel clustering algorithm CSG 

Cluster with K-Medoids framework is presented for detecting 

communities using collaborative similarity measure is 

proposed. For understanding the process and steps of 

proposed CSG-Cluster methodology presented step by step 

through Algorithm-I in this paper. 

D. Results 

All of the experiments have a default value of influence 

parameter α set with 0.5 unless explicitly mentioned. Our 

proposed approach has the time complexity quadratic in 

nature, which is considerable for a medium scale graph with 

respect to the size of the graph.  The alternate proposed 

method provides a consistent result without using a complex 

operation like matrix multiplication. We have measures the 

quality of experimental results by some state of the art 

measures as density and entropy. The range of a number of 

cluster in experiments is varying based on graph size. The 

results provide that strongly connected vertices defined in the 

same cluster. Density value is used to identify where dense 

connectivity among the original graph and in cluster exist or 

not.  

 
Figure 2 : Density - PBlog 

 

In figure 2 and 3, the density values achieved by proposed 

and contrast methods are plotted for the different number of 

clusters. In Figure-2, the density value increase in 

comparison to other methods. Also, we have observed that 

the compared to Political Blogs dataset performance is gain 

in large scale dataset of DBLP. Moreover, our approach 

achieves better density value with compare to other contrast 

methods. 

 
Figure 3: Density - DBLP 

 

We give equal importance to the vertex properties as well 

as vertex connectivity. To check whether the ratio of vertex 

properties based on their similarity and dissimilarity, entropy 

is used. As mentioned in figure-4 and 5, for respective 

cluster-wise entropy value plotted for different algorithms. 

 

 
Figure 4: Entropy - PBlog 

 

 

 
Figure 5: Entropy - DBLP 

It shows that entropy value improved through the proposed 

algorithm, which represents that vertex with the same 

attributes defined in the same cluster. 
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V. CONCLUSION 

In this paper, we have presented Approachable Unit to find 

similarities for directly connected vertices and introduced 

Approachable Path to shortest path strategy for indirectly 

connected vertices, to partition the vertices by their 

topological structure and properties. For grouping vertices in, 

we have used the popular K-medoid framework. To measures 

the quality of a defined cluster, we have evaluated the clusters 

information through density and entropy measures. The 

proposed method achieved a satisfactory improvement in 

performance compared to other relevant methods.  We 

perform experiments of the proposed algorithm on two real 

graph datasets in which achieves a good result with respect to 

cluster quality. The results provide that strongly connected 

vertices defined in the same cluster. 
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