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ABSTRACT 
 

A collection of web pages which are about a common topic and are created by individuals or any kind of 
associations that have a common interest on that specific topic is called a web community. Since at present, the 
size of the web is about 3 billion pages and it is still growing very fast, identification of web communities has 
become an increasingly hard task. In this paper, we used distributed learning Automata and mining association 
rules to identify we communities. Our proposed method is the same [1] that uses distributed learning automata 
and mining association rules to calculate hub and authority scores of web pages, which causes most cases 
unrelated to the topic, as members of the community web pages not considered. Our proposed method, are 
compared with the approaches of [1] and [2], and the results show that the our proposed is efficient. 
KEYWORDS: Web communities, Association Rules, Distributed Learning Automata 

 
1.  INTRODUCTION 

 
During a chaotic and decentralized process web grows and this process, produce a wide range of 

documents which have been attached to each other that do not have any reasonable structure. Now the Google 
search engine has indexed more than 3 billon web pages which this number are increased with a rate 7.3 million 
pages per day. To take advantage of this huge volume of data, web data mining techniques have been introduced 
in recent years. One kinds of web mining, is the web structure mining that mining information from the link 
structure between web pages and their relationships. In this kind of web mining, web is modeled as a graph, in 
which web pages are the graph nodes and the links between pages are graph edges. Mining the web is used for 
various purpose such as, ranking web pages, identify web communities, web graph analysis, modeling and 
simulation process of web graph. A web community is a collection of web pages a bout a common topic and 
have been created by different individuals or organizations that have common interests about specific topics. 
With recognizing a community website about a certain topic, the users can use the social pages to obtain the 
useful information about the case. Since, today the volume of the web page is more than three billion and is still 
growing, it is getting harder and harder to recognize social. 

Different methods for identifying web communities have reported that the can be divided into two groups, 
methods based on link analysis and graph theory. Such methods are based on link analysis methods can be 
presented in [4] and[3]. The method presented in [3], receive an initial set of pages as input and earn the 
communities including of them. PRA algorithm is applied on a initial set of pages. Then according to the 
similarity between the results, pages are divided into groups web communities obtained. In the method 
presented in [4], which is one of the most important methods for identifying web communities, a set of Hub and 
Authority pages is introduced as social web. An Authority is a page which contain a valuable information about 
a specific topic. The Hub is also a page, containing links to pages with valuable information about a particular 
subject. This method uses the HITS algorithm[8] to identify authority and Hub pages. 

This method are reported in [5],[6],[7] and [9], are including methods based on graph theory. The methods 
based on graph theory, analyze the web graph but since the web is very large and growing, it is not easily 
possible using graph algorithms. In order to use these algorithm in the web, they must be able to with stand such 
data maybe incomplete and unknown. In this way web communities, are defined as the dense web. But the 
structure of dense sub graph is different in each of these methods. For example, kumer and his colleagues obtain 
web communities with identifying the complete split graph. They gain web communities using a technique 
called trawling.In [6] another method for identifying web communities using the complete spilie graph is 
presented. In this method a set of web pages are considered as input to the algorithm. At first, all of the complete 
split graph K3,3 , vicinity of these pages obtain. Then these sub graphs are merged and produce the communities. 
In the methods presented in [7] and [9], a set of nodes, which their links with member of set are more than links 
out of set, have been considered as web communities. In this methods, a web community, through separating a 
sub graph is obtained by using the maximum flow algorithm. 

Methods that have so far been reported, only uses the structure of links between pages to identify 
communities. Whereas, use the structure of links between page only itself cannot extract conceptual 
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relationships between web pages. In this paper, we propose a method to identify web communities, by using 
association rules. In this method for identifying communities, in addition to using structure of links between 
pages, the user behavior in observation of these pages is used too. Our proposed approach is the same HITS 
algorithm in which in addition to using structure of links between pages, the user behavior in observation of 
these pages has been considerate. For this purpose, the association rules is used to calculate the Hub and 
Authority scores of web page. In order to evaluate our proposed method, we implemented it and the results of 
our algorithm are compared with algorithm of[1] and [2]. The experimental results show that our proposed 
method is efficient. 

The rest of this paper is organized as follows: in section 2 and 3, we briefly introduce distributed learning 
automata and association rules. In section 4 we introduce our proposed method and then in section 5, after 
introducing the model that used for simulation, the simulation results are presented. The final section is 
conclusion. 

2.   Learning Automata 
 
An automaton can be regarded as an abstract model that has finite number of actions. This action is applied 

to the selected action of automata. The random environment evaluates the applied action and gives a grade to the 
selected action of automata. The response from environment (i.e. grade of action) is used by automata to select 
its next action. By continuing this process, the automaton learns to select an action with best grade. The learning 
algorithm used by automata to determine the selection of next action from the response of environment [10]. 
Figure 1 shows the relationship between the environment and the learning automata. 

  
Figure1: The relationship between learning automata and the environment 

 
 Environment: The environment can be shown by E ≡{α, β, c} in which α={α1,α2,….,αr} represents a finite 
action / output set, β={ β1, β2,…., βm} represents an input / response set, and c={c1, c2,…,cr} is the set of 
penalty probabilities. Whenever, the set has two members, the environment is the type of p. In such environment   
is β1= 1 considered as penalty and β2=0 is considered as a reward.  In the environment of Q, β(n) can be a 
discrete  value of the values limited between [0,1] and in the environment of S ,     is the random values between 
[0,1], β(n) is the probability of action α  which has the desired result. In a static environment the values of Ci  
remain unchanged while in the non-astatic  environment, the values may change over the time. Learning 
automata is divided in to two groups of fixed structure learning automata and variable structure of learning 
automata. In the following, we briefly describe learning automata with variable structure that is used in this 
paper. 
Variable structure learning automata :Variable structure learning automata is represented by < β, α, T, p >, 
where α = {α1, α2, …, αr} is a set of actions. β = {0, 1} is the set of inputs from the environment; where 0 
represents a reward and 1 represents a penalty, p(n+1) = T [α (n), β (n), p (n)] is learning algorithm and define 
the method of updating the action probabilities on receiving an input from the random environment. p = {p1 (n), 
p2 (n)… pr (n)} is the action probability vector, where pi(n) represents the probability of choosing action αi at 
time n. In these kinds of automata, if the action of αi is chosen in the nth stage and receive the desirable 
response from the environment, the probability of pi(n) increases and the other probabilities decreases and in 
undesirable response, the probability of pi(n) decreases and the other probabilities increases. The following 
algorithm is one of the simplest learning 
schemes for updating action probabilities, and is defined as follows: 
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As seen from the definition, the parameter a is associated with reward response, and the parameter b with 
penalty response. According to the values of a and b we can consider three scheme. If the learning parameters a 
and b are equals, the scheme called reward penalty (LR-P ). When b is less than a, we call it linear reward epsilon 
penalty (LRε P ) scheme. When b equals to zero, we call it as linear reward inaction (LR-I) scheme. For more 
information about the theory and applications of learning automata, refer to [9, 11]. 
 
Distributed Learning Automata (DLA) 

A distributed learning automata is the network of learning automata that are working together to solve a 
specific problem .In the network of cooperative learning automata only one automata is active at any time. The 
number of actions performed by automata in DLA is equal to the number of automata connected to this 
automata. Selection of an action by learning automata, in this network, caused the activation of learning 
automata connected to these automata, corresponding to this action. In the other words, selection of action by 
learning automata is corresponding to activation of another learning Automata in this network. The model that 
we consider for DLA network is a graph where each vertex is learning automata. The existence of an edge ( 
LAi,LAj ) in this graph means that the selection of action by LAi causes the activation of LAj . The number of 
selectable action by LAk is shown by {pk1,pk2,…,pkr}. In this set, the number of action pKm  indicates the 
probability related to amk  action. The selection of action amk by LAm   causes   the activation of LAm. Shows 
the number of actions performed by the automata .for more information about the distributed learning automata 
and its applications can refer to [11] and [15]. 

  
Figure2:The learning automata distributed with 7 other automata 

 
3.  Association Rules: 

Let D be a database of transactions. Each transaction consists of a transaction identifier and a set of items {i1, 
i2 , …,in} selected from the universe I of all possible descriptive items. In Table 1 an example database is shown 
containing four transactions. 

 
Table 1. Database with 4 transactions 

Transaction items 
1 A, B, C 
2 A, C  
3 A, D  
4 B, E, F 

  
  What the items represent depends on the application. For example, the items could be the different products 
bought by a customer or, as in this paper, the web pages that someone visited. An association rule is an 

expression of the form: X =>Y where IX   , IY   , YX Each association rule is characterized by 
means of its support and its confidence defined as follows: 
 

ntransactioofnumbertotal
YXcontainingntransactioofnumberYX 

 )sup(  

)sup(
)sup(
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X

YXYXConf 
  

   For the example database, it can be verified that the rule A=>C has support 50% and confidence 66.7%. 
According to the above definitions, the support measure can be considered as the percentage of database 
transactions for which ( YX  ) evaluates to true.. Association rule mining essentially boils down to 
discovering all association rules having support and confidence above user-specified thresholds, minsup and 
minconf, for respectively the support and the confidence of the rules. 

   The key element that makes association rule mining practical is the minsup. It is used to prune the search 
space and to limit the number of rules generated. However, using only a single minsup implicitly assumes that 
all items in the data are of the same nature (to be explained below) and/or have similar frequencies in the 
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database. This is often not the case in real-life applications. In many applications, some items appear very 
frequently in the data, while others rarely appear. If the frequencies of items vary a great deal, we will encounter 
two problems: 

1. If minsup is set too high, we will not find those rules that involve infrequent items or rare items in the 
data. 

2. In order to find rules that involve both frequent and rare items, we have to set minsup very low. 
However, this may cause 
combinatorial explosion, producing too many rules. In a supermarket transaction data, in order to find rules 
involving those infrequently purchased items such as food processor and cooking pan (they generate more 
profits per item), we need to set the minsup to very low (say, 0.5%). We may find the following useful rule: 

foodProcessor cookingPan  
However, this low minsup may also cause the following meaningless rule to be found: 

bread, cheese, milk beer 
 Knowing that 0.5% of the customers buy the 4 items together is useless because all these items are frequently 
purchased in a supermarket. For this rule to be useful, the support needs to be much higher. In the paper [16] 
proved that the use of only one reliability factor for the whole database is an appropriate, because it cannot 
intrinsic nature difference between the frequency of the items. The purpose of nature of items is that some items 
naturally appear higher than others.  For example, people buy pans and pots less than bread and milk in the 
supermarket, but in general durable and expensive goods are better less bought. So it is important to find the 
rules include items with less frequency. But we should do it in a way that does not let the repetitive items 
produce meaningless association rules with too low reliability factor.  
In this paper, the minimum support of a rule is expressed in terms of minimum item supports (MIS) of the items 
that appear in the rule. That is, each item in the database can have a minimum item support specified by the 
user. By providing different MIS values for different items, the user effectively expresses different support 
requirements for different rules. 
Let MIS(i) denote the MIS value of item i. The minimum support of a rule R is the lowest MIS value among the 
items in the rule. That is, a rule R, al, a2. . . . . ak , ak+l, . . ., ar where ai, 푎푖 ∈ 퐼satisfies its minimum support if the 
rule’s actual support in the data is greater than or equal to: Min( MIS(a1), MIS(a2), . . ., MIS(ak+1)) Minimum 
item supports thus enable us to achieve the goal of having higher minimum supports for rules that only involve 
frequent items, and having lower minimum supports for rules that involve less frequent items. 
 
4. proposed method: 

Our proposed method, for identifying web communities is based on the method introduced in [1],[4] and 
[2]. In [4] a collection of web pages Hub and Authority are presented as a community. To obtain Hub and 
Authority pages, we used HITS algorithm which is aimed at finding relevant pages for a specific topic. But 
since the method was introduced in [4], only use the links between web pages to identify Hub and Authority 
pages, is not sufficiently accurate, therefore some identified social pages are in closed with each other. Some 
researches to improve HITS algorithm and solve its problem in addition to use structure of links, also use the 
content of web pages [12,13] .  

In our proposed methods we improve the algorithm in [1] and [2] and it use a new way of user way of user 
behavior and then it is used to identify web communities. In many cases, HITS algorithm considers unrelated 
pages as member of web communities, but in our proposed method, since, for calculating Hub and Authority 
scores in addition of  links between pages, we also use user behavior on the web, so the number of unrelated 
pages are decreased. 

The proposed method is as follows: 
Creating a set of root: firstly, the user considerated web community issue are presented as input of 

algorithm, then a set of relevant pages, are selected and the set of root is made. 
Creating a basic set: at this stage, the set of roots which were created in the previous step, using a set of 

pages that are linked with them, will expand and build a basic set. At first the pages of root set refer them and 
are add to basic set. Then the pages that refer to pages of root set are added to this set. However, there may be a 
large number of pages, so for the number of them, the constraints are considered. 

Creating distributed learning Automata: At this stage, for each page of basic set, a learning automata is 
created. The functions of these learning automata are corresponding to pages that current page (page related to 
this automata) refers to them. At first, the components of the probability vector of each automata, are equally 
initialize. 
Calculating Hub and Authority score: The following operations are repeated until an acceptable result : 

o Users pay to scroll web pages and navigation paths is recorded by the system. 
o In the next stage, we start to searching the log files of web users, using the rules to calculate the 

reliability of all existing laws. 
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o As said ,each time in the database can be a MIS which is determined by the user. By providing various 
MIS for different topics, the user effectively expresses different reliability factors for different rules. 
This is led to prune the search space and limit the number of production rules and finding useful rules. 

o Probability vector of learning automata of each page of basic set are updated as follows: 
 In any path, passed by user, if the user moves from page I to page j, int the corresponding to 
learning automata page I, the corresponding action will be rewarded with a distinction page. 
Whatever the reliability of the path that passed by user is remove the rewarded by the learning 
algorithm automata that is applied to the selection of the path is more too. If there is a remote user in 
the  navigation path, the passed page in this path are extracted and their corresponding actions are 
penalized.(the probability of selection of these actions does not change) LRI learning algorithm for 
updating the probability vector is used that is described in section 2. 
 After modifying the probability of selection of distributed learning automata, the Hub and 

Authority scores of each page of basic set is calculated according to the following equations: 
퐴푢푡ℎ표푟푖푡푦(푖) = 푃 × 퐻푢푏(푗)

∀ →

 

퐻푢푏(푖) = 푃 ×
∀ →

	퐴푢푡ℎ표푟푖푡푦(푗) 

Identifying web community: at this stage, after calculating the scores of Hub and Authority pages of basic 
set, 10 pages with highest scores of Hub and 10 pages with highest scores of Authority are considered as web 
community. 

Modifying web community: in some methods, for identifying web communities, Hub pages are not 
considered as members of web communities, because designers believe that these pages do not contain 
information about web community and only have links to Authority pages. Another reason for considering Hub 
pages in web community is that these pages point to related pages with several subject and not with only a 
subject. But because Authority pages are connected through these pages, usually Hub pages are considered as 
member of web communities. In our proposed method for reducing the second problem, the Hub pages that refer 
to pages with more than three subjects are excluded from the web community. 
 
5.Exprimental results: 

In [14], Liu and his colleagues determined, the existing regularity of user behavior in web environment, 
and used a model based on agent and confirmed the validity of their model with information of several great 
websites such as Microsoft. This model provides an environment consisting of web pages and users. The 
advantages of his model is that identifying of users and users of hits on web pages by using. This model is much 
more accurate and it doesn't need data refining. The parameters introduced in this  model must be carefully 
adjusted so that the result will be similar to the real environment. each web page in this model has vector where 
each component of the vector shows the rate of relationship of this page with corresponding subject with this 
component.(number of subjects is fixed and defined) the rate of relationship with a subject is expressed by a 
number between zero and one so that their sum is equal to one for all subjects. Each page also contains links to 
other pages. To test, the user's interest profile is considered as normal distribution. Other parameters used in this 
model for simulation performed, are shown in table2. 

 
Table2: the parameters used in the simulation model 

Value parameters 
0.7 Connection threshold 

2000 Number of users 
5 Number of issues 

0.2 Tc: value of constant initial document( home page site on various topics) 
0.5 Data abstraction coefficient of a document by a user 

5.97 Average normal distribution 
.25 Variance of the normal distribution 
3 Distribution of the probabilities of the weight of each page 

0.25 Increase the amount of variance in the normal distribution 
1 Reduction in interest coefficient 

0.2 Minimum user desires for continuing the search 

 
Experiment: in this experiment, the proposed method is compared with the HITS algorithm. For this purpose, 

web communities have been achieved for five several subject using both the proposed algorithm and HITS 
algorithm. This experiment was repeated 20 times and the average values were used. The evaluation criteria is 
the average associated of subject with web community pages. As can be seen in the figure, the relationship 
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between web community, using the proposed algorithm compared to the algorithm[1] and [2] has increased. The 
efficiency HITS algorithm is dependent on the quality of the pages of basic set. (the number of pages related to 
subject). In expansion of root set to the basic set, usually many unrelated pages are added to the basic set, 
therefore the previous algorithms consider unrelated pages as member of web community in many cases. But, 
since in the proposed method, the scores of Hub and Authority have been calculated based on how users 
navigate the web, in the other words with using association rules, the number of unrelated pages has decreased. 

 

  
Figure3: Compare our proposed method with other methods 

  
6.Conclusion: 

 
In this paper, using a combination of web structure mining, web content mining, web search and using 

learning automata and association rules mining, the method presented in [1] and [2] has been improved. 
Features of this algorithm are: 

1- Combination of web search techniques, searching the web and web content mining. 2. HITS algorithm 
improvement by considering user's behavior in addition to structure of links between pages 3. using 
distributed learning automata to learn the Hub and Authority scores 4. using mining association rules 
for better learning 5. reducing the impact of incorrect information on how users navigate the web using 
data mining 6. using the web content mining methods for the identified community 7. no dependent on 
to a specific structure to identify web communities. 
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