
International Journal of Engineering, Applied and Management Sciences Paradigms, Vol. 13, Issue 01, March 2014 
An Indexed and Referred Journal 

ISSN (Online): 2320-6608 
www.ijeam.com 

 

IJEAM 
www.ijeam.com 

21 
 

Web Mining IWeb Mining IWeb Mining IWeb Mining Illustration usingllustration usingllustration usingllustration using    Markov MMarkov MMarkov MMarkov Modelodelodelodel    
 

Astha1 and Sunita2 
 

1M. Tech. Scholar, SBMNEC, Rohtak (Haryana) 
astha.dalal1@gmail.com 

 
2H.O.D, SBMNEC, Rohtak (Haryana) 

kashisuni5@gmail.com 
 
 

Abstract 
The enormous growth in the number of documents in the WWW 
increases the need for improved link navigation and path analysis 
models. Link prediction and path analysis are important problems 
with a wide range of applications ranging from personalization to 
web server request prediction. The sheer size of the WWW coupled 
with the variation in users' navigation patterns makes this a very 
difficult sequence modeling problem. 
Many approaches have been proposed for using Markov models in 
the Web usage mining and personalization areas. From these, it is 
proved that 1st order Markov models are much simpler to model, but 
are not as accurate as the higher order ones. This can be intuitively 
explained since the users’ next action is not based only on the current 
one (as 1st order Markov models assume), but on several steps before 
(long term memory models). The higher order Markov models are 
therefore much more accurate, and their precision increases 
exponentially as the order of the model increases. They are, however, 
much more complex, since the state space increases, and therefore 
the requirements in time and space are much bigger. Moreover, there 
exist hybrid Markov models, which combine parts from models of 
various orders, so that the resulting model has reduce state 
complexity and increased precision in the predictions. These models 
are called selective and are the ones most commonly used in the Web 
personalization area. 
Keywords: Web Mining, Markov Model, Markov Chain, 
Transition Graph, Clustering. 

I. INTRODUCTION 
Web mining refers to the use of data mining techniques to 
automatically retrieve, extract and evaluate generalize/analyze) 
information for knowledge discovery from Web documents 
and services. Web data is typically unlabelled, distributed, 
heterogeneous, semi-structured, time varying, and high 
dimensional. Hence any human interface needs to handle 
context sensitive and imprecise queries, and provide for 
summarization, deduction, personalization and learning. 
Almost 90% of the data is useless, and often does not  
represent any relevant information that the user is looking for. 
Taking into account the huge amount of data storage and 
manipulation needed for (say) a simple query, the processing 
essentially requires adequate tools suitable for extracting only 
the relevant, sometimes hidden, knowledge as the final result 
of the problem under consideration. 

Web mining can be broadly categorized as : 
• Web Content Mining of multimedia documents, involving 
text, hypertext, images, audio and video information. This 
deals with the extraction of concept hierarchies/relations from 
the Web, and their automatic categorization. 
• Web Structure Mining of inter-document links, provided as a 
graph of links in a site or between sites. For example, in 
Google a page is important if important pages point to it. 
•Web Usage Mining of the data generated by the users’ 
interactions with the Web, typically represented as Web server 
access logs, user pro8les, user queries and mouse-clicks. This 
includes trend analysis (of the Web dynamics information), 
and Web access association/sequential pattern analysis.  

 
Fig. 1 Web Mining Taxonomy 
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The web mining models used before are different than the 
present model being used here since they are based on 
probabilities rather than data mining techniques. They, 
however, address the problems of predicting user actions and 
personalizing a site as well .Now we present how the users’ 
navigation is modeled on the basis of Markov chain. 

II. MARKOV MODEL 
Every node in the transition graph may be considered as a 
state in a discrete Markov model, and may be defined as a 
tuple <S, Q, L>, where S is the state space, which includes all 
nodes in the transition graph, Q is the probability matrix that 
includes the one-step transition probabilities between the 
nodes, and L is the initial probability distribution regarding 
the states in S. 
The transition probability from page i to page j in only one 
step may be computed using a transition graph, as the one 
introduced before. Using the weights of The graph links as 
underlying information concerning the preferences of past 
users(i.e. what paths where followed by users in the past), we 
can use them to create a transition probability matrix that 
includes the one-step transition probabilities in the Markov 
model. 
We now may create the transition probability matrix which 
represents the probability of the one-step transition between 
two Web pages. In such a matrix the i-th row includes all the 
transition probabilities from this page to all other pages, and 
their sum equals to 1. 

III. PRESENT WORK 
The tour generator module is given as input the starting URL 
(e.g. the current document the user is browsing). The tour 
module generates a sequence of states (or URLs) using the 
Markov Chain process. This is returned and displayed to the 
client as a tour. A simple example of such a tour is presented 
in the experimental section .In order to demonstrate tour 
generation with Markov Chains, we implemented the 
following Tour generation Using Markov Models (TUMMs) 
algorithm. The tour generation uses the Markov model to 
predict a sequence of states(URLs) to visit next. Since the 
chain can generate a cyclic sequence of links, we can mark 
each state as either "visited" or "unvisited". Furthermore, in 
the case of a tie (i.e. multiple states have the same probability), 
a mechanism of choosing the next state should be formulated. 
Lastly, if the outgoing probability of all states from the current 
state is below some threshold, then the facility to "restart" 
should be provided. Note that this can be extended in a variety 
of ways including better handling of "restarts", and tie 
breaking mechanisms. In the TUMMs algorithm, ties are 
broken by choosing the first link with the longest matching 
prefix URL as the parent. 
 
 

Algorithm TUMMs 

1) Set Start state to be s0 ; 
2) Mark start state s0 as already visited. s' = s0 
3) While the length of tour not reached or not(Exit Criteria) do 
thru' step (9) 
4) For all unvisited states s: 
5) Compute P(s' --> s) using the Markov Chain model 
6) Choose the Max( P(s'--> s) ) and let the corresponding set 
of states be S 
7) If |S| > 1 then pick the state s'' from S, such that URL(s'') 
and URL(s') have the maximal 
URL path prefix match (further ties arbitrarily broken). 
8) if |S| = 0 then restart (for example: s'' = s0 ) 
9) s' = s'' 
10) End of Tour Generation Procedure 

IV. RESULTS 
 

Original Matrix 
 
 

 
 

Fig2: Original Matrix of Web Navigational Pattern 
 

The above figure shows a square matrix representing the 
probabilities of accessing a web page from another. This 
matrix is based on navigational pattern of a user or group of 
users. This matrix is sparse one having many entries as “0”. 
To reduce the matrix size up to some extent, clustering of web 
pages is done on the basis of similar navigational pattern of 
web pages. Reduced matrix is shown in Fig 3.  
 
 
 
 



International Journal of Engineering, Applied and Management Sciences Paradigms, Vol. 13, Issue 01, March 2014 
An Indexed and Referred Journal 

ISSN (Online): 2320-6608 
www.ijeam.com 

 

IJEAM 
www.ijeam.com 

23 
 

Reduced Matrix 
 

 
 

Fig 3: Reduced Matrix after Web Page Clustering 
 
The above figure shows the reduced matrix resulting from 
clustering of web pages. Clustering helped in decreasing the 
problem of dimensionality to some extent. 
 
Dimensionality Decrease 

 
 

Fig 4: Decrease in Dimensionality resulting from 
Clustering of Web Pages 

 
The above figure shows decrease in Dimensionality in 
reduced matrix from original matrix. There is considerable 
decrease in dimensionality.  

 
 
 

V. CONCLUSIONS 
Markov chains have proved a useful tool for modeling the 
navigation of the visitors in a web site. The main disadvantage 
encountered using Markov models is that they cannot predict 
pages not previously visited by the users. Moreover, they have 
two major restrictions: 
 

1. Need for large size of training data: Markov 
models are based on statistical methods; therefore the 
resulting prediction model is totally depended on the 
size of the available data. This is not a problem when 
the analysis is performed on a single web site with 
high visit rates. The approach, however, is 
problematic when the analysis is performed in 
multiple web sites combined with low visit rates. 
 

2. Dimensionality: The second restriction in the use 
of Markov chains is dimensionality. The transition 
matrix is usually very big, but it can be reduced using 
clustering of similar web pages. 

 

VI. FUTURE SCOPE 
The concept of Markov models can be enhanced to multiple 
web sites combined with low visit rates. Also in future the size 
of the transition matrix can be reduced using some clustering 
techniques. Further improvement can be done in this by using 
more appropriate clustering techniques and also by using a 
different data structure in which no use of storing unnecessary 
data. 
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