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Abstract- Due to the exceptional growth of web documents and information therein, which can be accessed electronically, the society is 

more or less suffering from the problem of information overload. The process of organizing this gigantic volume of documents into an 

impressive form, where we can easily locate our desired information, involves different preprocessing steps of varied complexity. This 

includes collection, filtration, retrieval, extraction, clustering, classification, summarization etc. The motivation behind these processes is 

to enhance the capability of the computing machines to deliver reliable, accurate and intended information ubiquitously. This also 

includes the desire to derive new information, similarity measures and/or pattern identification, noise elimination etc. which leads to the 

ever escalating and reforming study field of document mining. 
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1.1 Introduction 

Web documents are considered as semi structured entities as it has a well defined structure such as HTML tags, sections, 

headings, paragraphs, sentences, words, letters etc. But there is no concrete rules defining the exact ordering of the HTML tags. It is 

estimated that, more than 80% web based business data is stored in non structured format [1].    

     As the amount of information available on the internet is increasing explosively, the common users are facing more hardship in 

finding the intended information. On the other hand, the job of the content providers is going to be tougher with the increase in the 

volume of information. Now a day the common web search engines are returning several thousands of results for a search. But they 

are generally of no use as the users do not have much time to browse all the results returned by the search engine. 

     Clustering is considered to be an effective and efficient tool that has the ability to reduce the number of search results with 

increased accuracy. Document (web) clustering can be considered as a sub category of data mining where the main goal is to 

discover some knowledge. The application of data mining methods to web recourses (web pages) is considered as web mining. Web 

mining includes a wide range techniques to deal with web related data and information, including soft computing. 

     The main objective of this work is to introduce a framework that may enhance the existing framework for web document 

representation and clustering based on exploiting the semantic information in text. The framework is mainly composed of the 

following: 

1) Representation of web documents by using graphs. 

2) Similarity measurement of web documents by using the graphical representations directly. 

3) Extension of one prevalent clustering algorithm to fit with the graphical model.   

     In this Paper we are going to put forward some new aspects of graph theory and graph distance measure for web document 

representation and clustering.  
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2.1 The Spectrum of Document Clustering: 

 

      The first and foremost activity in the document mining process is the representation of the documents with the help of an 

appropriate model that can mirror the object represented. The models reflect the data objects and take care of the intended purpose. 

After the representation step we need to measure the distance or dissimilarity between the data objects in the representation space. 

The document clustering or mining processes are the procurer that characterizes a specific clustering task to achieve certain 

predefined objectives.  

     Numerous attempts have been made to discover some new way to represent text apart from the term frequency approach. Some 

of the significant efforts are N/grams[2], Bigrams[3], the extraction of words semantic relations through corpus statistics[ 4], the use 

of background knowledge by replacing words with their higher concepts in an ontology[5], and the consideration of word sequences 

with the help of a graphical model[6]. 

     We found six different graph models for representing web documents in the literature [7]. They are: standard, simple, n-distance, 

n-simple distance, absolute frequency and relative frequency. 

     Numerous research works have been perused in the area of graph similarity in order to incorporate the additional information 

allowed by graph representations. The first step in this regard is the formulation of mathematical frameworks for dealing with 

graphs. In the literature, the work comes under several different topic names including graph distance, graph matching, inexact 

graph matching, error-tolerant graph matching or error-correcting graph matching. In case of exact graph matching, two or more 

graphs are matched to determine if the graphs are identical or not. In case of inexact graph matching, the aim is not to find a perfect 

match but to find a "best" or "closest" match. Error-tolerant and error-correcting are special cases of inexact matching where the 

imperfections in one of the graphs, called the data graph, are assumed to be the result of some errors. The process tries to match the 

data graph to the most similar model graph in the set of graph under consideration. Graph distance is a numeric measure of 

dissimilarity between graphs, with larger distances implying more dissimilarity. By graph similarity, we mean we are interested in 

some measurement that tells us how similar graphs are regardless if there is an exact matching between them. 

 

 Conventional document representation methods consider documents as vase of words and ignore the meanings and ideas 

their authors want to convey. It does not capture important structural information, such as the order and proximity of word 

occurrence or the location of a word within the document. It also makes no use of the mark-up information that can be easily 

extracted from the web document HTML or other such tags. It is the deficiency that causes similarity measures fail to perceive 

contextual similarity of documents under consideration [8].    

It has been accepted that a graph can represent any kind of document with minimum loss of information [9]. In this chapter we are 

going to put forward a new standard of graph representation for web documents. With the proposed enhanced method of graph 

representation we would be able to hold more information than usual and hence classify them more efficiently. Further the proposed 

graph representation will help us to reduce the time complexity of determining the maximum common subgraph from NP- complete 

to polynomial 

3.1 The Composite Model 

 

The composite model has been created with help of the Tag Sensitive Graph Model and Context Sensitive Graph model[9].  

     In the composite graph representation we are using the TSGM model to represent three sections namely head, link and address 

because these three sections are comparatively much smaller than the text section and TSGM is capable of representing small 
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section more efficiently than that of CSGM. Use of TSGM will enable us to utilize the markup information available which will not 

be possible if we use CSGM[9].  

     We are using CSGM to represent the text section because of its efficiency to represent large text section. If we use TSGM to 

represent this section also then there will be a loss of information, which otherwise can be used to measure contextual similarity. For 

the text section, the information about the proximity of words is more important than that of the markup information[9]. 

     This model has the advantages but does not have the disadvantages of both the parent models. After constructing graph 

representations for a set of web documents, the next job is to find out the similarities among them for the purpose of clustering. 

Several techniques are there to measure the similarity among different graphical objects. All these techniques accomplish their job 

through graph matching. This particular problem of graph matching refers to the topics of inexact graph matching or graph 

similarity. We have several instances where we can see the application of graph matching to solve different complex problems in the 

field of image processing, pattern matching, job scheduling, structure analysis, bioinformatics, network management, route 

management etc.  

 The composite graph model as proposed has been developed for representing web documents which can retain more 

structural information about the contents of a web page then the prevailing models. This necessitate towards the development of 

enhanced similarity measure which is essentially based on some established method that enables us to pass the additional 

information into the calculation process. 

 

4.1 Subgraph Isomorphism and Graph Distance: 

 

Graph isomorphism tells us only that there exists an exact match between two graphs (i.e. that they are identical). It does 

not give us any indication of similarity between graphs, only that they are isomorphic or not. Subgraph isomorphism tells us if one 

graph appears as part of another graph. With the help of the following figure (Fig.4.1) we are trying to visualize what exactly the 

graph isomorphism algorithms generally yield. 

  

Graph G1 Graph G2 

IsIsomorhic(G1, G2) : Yes 
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IsIsomorhic(G1, G2) : No 

 

Figure: 4.1 Instance of values returned by Graph Isomorphism algorithms 

 

 Formally, the similarity between two graphs G1 and G2, denoted s(G1, G2), is a function that has the following properties: 

 

(1) 0  s(G1,G2)  l          …4.1.1 

(2) s(G1,G2) = l   G1   G2                              …4.1.2 

(3) s(G1,G2) = s(G2,G1)                           … 4.1.3 

(4) if G1 is more similar to G2 than to G3, then s(G1, G2)   s(G1, G3) … 4.1.4 

     The main problem associated with this definition is that we cannot get a clear idea about when s(G1, G2)will be zero i.e. what 

case causes s(G1, G2) = 0. This comes from the fact that we have no concept of an exact "opposite" of a graph. We do, however, 

have the idea of compliments of graphs. A compliment of a graph G, denoted by G , is the fully connected version of G such that 

the edges in G have been removed. Figure 4.2 displays an example of graph complement. However, a graph may be isomorphic to 

its compliment too. Therefore it is not necessarily hold that  s(G, G ) = 0. 

 

 

 

Figure: 4.2 compliment of a graph 
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Considering this limitation, the usual method of calculating the numeric similarity between graphs is to use a distance measure. 

Symbolically we can represent the distance between two graphs G1and G2 as d(G1,G2). Further the measure must have the following 

properties to be said as a metric [10, 11, 12]. 

 

(1) Boundary condition: 0  d(G1,G2)  l     … 4.2.1 

(2) Identical graphs have zero distance: d(G1,G2) = 0   G1   G2  … 4.2.2 

(3) Symmetry: d(G1, G2) = d(G2,G1)     … 4.2.3 

(4) Triangle inequality: d(G1, G3) < d(G1, G2) + d(G2, G3)   … 4.2.4 

 

We can also convert a distance measure to a similarity measurer, for example by:    

 

s(G1,G2) =1- d(G1,G2)  

 

     It can be shown that this equation also satisfies the various conditions above for similarity. In case of other equations also, it is 

possible to change similarity into a distance measure and vice versa.  

     It is not known whether graph isomorphism is an NP-complete problem, however subgraph isomorphism is NP-complete [13]. 

Clearly, as the number of nodes in the graphs increase the number of possible matching to be checked increases combinatorially. A 

general procedure for determining subgraph isomorphism is to maintain a matrix which indicates which nodes in each graph are 

compatible [14]. The procedure requires all possible permutations of matching to determine if there is an isomorphism. 

 

 

 

 

 

Figure: 4.2 Euler diagram for P, NP, NP-complete, and NP-hard set of problems 

 

4.2  The New Distance Measure Based on Maximum Common Subgraph : 
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     Although the maximum common subgraph approach is a widely accepted graph similarity measure, there are no reported 

findings to indicate a de facto standard. We decided to consider the maximum common subgraph approach to pursue our study 

because of its simplicity, efficiency and popularity.  

     The maximum common subgraph approach is an effective and efficient way to calculate graph distances. But with our newly 

developed composite graph model, the prevalent method will not work well as the method is based only on number of nodes of the 

graphs under consideration.  As our composite model is capable to hold more information than that of node information only, so to 

have full benefit from the proposed composite model we are enhancing the MCS distance measure as blow; 

 

1 2

1 2

1 2

( ( , ))

( , ) 1
max( ( ), ( ( )))

SOM
MCS

d MCS G G

dist G G
d G d G



 

 
 

 
 
 
 



 
…(4.3) 

 

where ∑d
+ 

 represents the sum of in-degree and out-degree of the directed graph and 
SOM

d
+
 represents the sum of the minimum of 

the degrees generated by each common node of the graphs which are included in the MCS. In case when there are two or more MCS 

then we should consider max ( 
SOM

d
+
). max(x, y) is the usual maximum of two numbers x and y.  

 

 
 

1
d G  3+3+2+2+2=12 

2
d G  2+4+2+2+2=12 
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SOM

d
+
 MCS(G1,G2) =2+3+2+2+2=11 

Dissimilarity:1-11/12=0.083(according to eq. 4.3)

  

Figure: 4.3 Graph distance using the proposed MCS technique 

 

  

Graph G3 Graph G4 

|G3|=13 |G4|=13 

|MCS(G3,G4)|=6 

 
Figure: 4.4 Information utilized by the prevalent distance measure with reference to two arbitrary graphs  
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Graph G3 Graph G4 

|G3|=13 |G4|=13 

∑d
+ 

 (G3)=38 ∑d
+ 

 (G4)=38 

|MCS(G3,G4)|=6 


SOM

d
+
 (MCS(G3,G4))=21 

 

Figure:4.5 Information utilized by the proposed distance measure with reference to two arbitrary graphs  

     In the above newly constructed measure of calculating graph distance, we are using the in and out degrees of all the nodes 

concerned, instead of simply considering the number of nodes of the respective graphs. Since we are representing a document (web) 

with the help of a graph therefore most of the nodes (representing words of the concerned document) of the graph will have a 

relationship in the form of edges with some other nodes (words) of the graph. Since we are following the composite model therefore 

the nodes representing a word in a sentence will have a relationship with the successor or predecessor words and also with the words 

having a distance n from it, where n is the user provided value. As we are creating a unique node for each word occurring in the 

document, therefore the word having higher frequency then others will have higher in and out degrees compared to that of others.  

By considering in and out degrees to calculate the graph distance, we are trying to include all such information in the calculation 

process in order to get more accurate and reliable results. In the next chapter we are going to explain a methodical way to calculate 

the newly constructed graph distance measure based on MCS in a very basic and simple way.  

5.1 The Modified Fuzzy C - Means Algorithm to fit with Graphs 

 

     The main problem on the way of applying fuzzy c-means for graphs is the computation of cluster representative. In case of the 

typical fuzzy c means algorithm, the initial partition matrix U may be generated randomly or can be calculated from the initial 

cluster centers as stated above.  

Let us consider a graphical dataset G =(gk |k=1,2,…N) 

     Under fuzzy c-means the cluster centers (i.e. ti ‟s) are computed in each iteration with a weighted averaging that takes into 

account the membership values of each data item. Thus we cannot use the graph median directly without considering the respective 
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weights assigned to each graphs in each iteration. It is also not feasible to multiply a graph with a scalar. Therefore the following 

approach for calculating the graph medians by considering the respective weights may be used.  

     For each cluster j, we may use deterministic sampling to compute the number of copies of each graph „i‟ to use, say ( )jx i , 

which is defined as: 

( )

i

ij

j

ij

a
x i n

a


 


 

where n is the total number of items in the data set and ija is the membership value of the respective object „i’ (i.e. graph „i’). Thus 

it is possible to generate a set of graphs consisting of ( )jx i copies of graph „i’  and compute the median graph of this set to be the 

representative of cluster  j . So the new algorithm becomes:  

Repeat for l  = 1, 2, . . . 

Step 1: Compute the cluster prototypes (representative median of a set of graphs): 

     
( )

1

1
arg min ( , )

S

l

i y
s S

y

g dist s G
s 



 
   

 


 

where S is the set of graphs and  g S (S = {G1,G2,..., Gn}) such that g has the lowest average distance to all elements in S[15] 

Step 2: Compute the distances: 

2

ikAD   (e , ) (e , ) ,1 ,1 .
T

l l

MCS k i MCS k idist g A dist g i c k N   
 

where (e , )l

MCS k idist g is representing the distance between the graph ek and the cluster representative 
l

ig (refer eq. 2.4). 

Step 3: Update the partition matrix: 

for 1 ≤ k ≤ N 

if ikAD > 0 for all i = 1, 2, . . . , c 

2/( 1)

1

1( )
,

( / )
c

m
ikA jkA

j

l

ik
D D








  

otherwise 

( ) 0l

ik  if ikAD = 0 and  ( ) 0,1l

ik   with 
( )

1

1.
c

l

ik

i
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until 
( ) ( 1)l lU U  

 

 

6.1 Conclusion: 

 

     The first step towards this research work is the development of a new model for web document content representation which is 

essentially based on some well established model. This composite method of web document representation takes into account the 

additional web-related content information which is not done in traditional information retrieval models. we have introduced a new 

approach for graph distance measure which is essential for clustering data sets (in this case the web documents). we suggested a 

clustering method for graph based data with special reference to graphs representing web documents. The basic idea is the 

calculation of cluster center in case of graphical objects. We have modified the step 1 and 2 of the original fuzzy-c means algorithm 

which will arm it to handle graph based data. We have made these changes without changing the fundamental concepts of the FCM 

algorithm. This method will enhance the efficiency and effectiveness of the FCM algorithm, as the graphical objects will boost the 

clustering method with abundant information. This enhancement will allow for complex, structured data, such as web documents, to 

be represented by a more robust model that has the potential to retain information that is usually discarded when using a vector 

representation and we can use many existing, proven machine learning algorithms with these graph representations without having 

to create new, specialized methods. 
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