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Abstract 

dentifying favorite web pages for users has been an important challenge due to the growing web   

contents. Recently, a number of web personalization systems based on web usage mining (WUM) 

have been proposed to predict the user-requested web pages. Although these systems provide an 

automatic tool for analyzing the user's interactions in the Web, the accuracy and coverage of the 

recommendations should be improved further. In this article, a new hybrid approach based on the web 

usage mining is proposed for automatic web pages prediction in accordance with the user interests. 

The proposed system has two phases. In the offline phase, the navigation patterns of users are 

extracted. To do this, the fuzzy clustering algorithm is used to classify similar user's sessions. This 

leads to better extraction of the navigation patterns as the user interests have uncertainty. Then, the 

weighted association rules are extracted for each cluster to reflect the relationships among the pages. 

In the online phase, the extracted navigation patterns are used to provide users with suitable 

recommendations. The proposed approach has been evaluated using CTI and NASA datasets. The 

experimental results show that the proposed approach improves the accuracy and coverage compared 

to its counterparts. 
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1. Introduction 
Recently, the Web has become the most common means of communication and 

transfer of information. Every day, millions of web pages are uploaded or updated with 
new information. As a result, extensive volumes of documents are generated that are 
connected to each other without any rational organization. This causes that obtaining the 
desired information from the huge amount of web contents becomes a very difficult and 
time-consuming task for users. This challenge is called information overloading. Therefore, 
developing intelligent systems is essential to learn the user interests and filter irrelevant 
interests or suggest the related information in a short period of time. In this regard, Web 
personalization is one of the most promising and powerful solutions. In a Web 
personalization system, the knowledge extracted from users’ navigation behaviors is used 
to create compliance between the structure and contents of the web pages to meet the 
needs of users. The objective of web personalization is to meet the users’ needs without 
their explicit requests [1]. Web personalization can be used for various purposes such as 
increasing the customer loyalty to a specific E-commerce website by providing better 
search features to fulfill the user needs [2]. A web recommender system, which is a type of 
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web personalization system, predicts the users’ interests by recommending their needs 
based on the past users’ web navigation experiences. Many websites have their own 
recommender systems to increase their serviceability and user satisfaction [3]. Web usage 
mining is a common technique for developing the web recommender systems. The term 
"Web Usage Mining” (WUM) has been introduced by Cooley et al. *4+. They introduced 
WUM which automatically discovers the user access patterns from the web servers. WUM 
uses data mining and machine learning techniques to discover the access patterns (or 
making user models) through the analysis of user navigation histories. The discovered 
patterns can be then used to actualize the various functions of the web personalization 
system. 

According to [5], the usage mining process can be divided into 3 steps. This process 
starts with data cleaning and data preprocessing. In the second step, preprocessed data is 
mined to extract the useful information. In the last step, the web log mining process is 
completed by analyzing the mining results. 

The aim of this paper is to propose a new approach based on the fuzzy clustering 
algorithm and weighted association rules to increase the precision and coverage of 
recommendations. The proposed system automatically predicts web pages based on the 
user interests. For this purpose, the previous user web interactions are used to build the 
model. In addition, a number of features are extracted from the user sessions to infer the 
user interests more accurately. As user interests have uncertainties, considering the user 
sessions in a single cluster might not be accurate. Therefore, the fuzzy clustering algorithm 
is employed to classify similar user sessions. On the other hand, weighted association rules 
mining is used to extract user navigation patterns. Also, a new method is proposed for 
determining the number of selected pages for each cluster. 

This paper is organized follows. In Section 2 some basic concepts are reviewed. In 
Section 3, the proposed approach is introduced. The evaluation of the proposed approach 
is discussed in Section 4. Finally, the conclusion and future works are described in Section 5. 

 

2. Related Work 
Web personalization has been well studied in past decade. Most of the proposed 

approaches include offline and online phases. In the offline phase, firstly the raw data is 
received. After data cleansing, the user sessions are created. Although different 
approaches work similarly in this step, they are different in some cases such as deleting 
sessions with certain length, user identification, and session identification. In order to keep 
the importance of each page in the sessions, some approaches compute the weight of each 
page based on various parameters such as page visit time, page visit frequency, and etc. 

Next, navigation patterns of users are extracted from the preprocessed data. In online 
phase, the recommendation engine receives the user’s active session. Then the favorite 
web pages are suggested to the user by finding the best recommendation patterns. 
Different approaches use different policies to extract the navigation and recommendation 
patterns. 

In [6], Forsati et al. have used the traditional association rules by assigning weights to 
the existing web pages in the user sessions to show the users’ interests. Afterwards, they 
have proposed a new recommender algorithm based on the weighted association rules. 
The weights are assigned to the web pages based on the frequency of page visits in a 
session and the time spent by the user on the page. Their results show that the proposed 
algorithm obtains higher precision and coverage in recommendations compared to the 
traditional methods. 
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In [7], a recommender system, called as WebPUM, has been introduced by Jalali et al 
based on the web usage mining. Firstly, a clustering algorithm based on graph partitioning 
is used to extract the user navigation patterns. Then, the recommendation engine uses the 
longest common subsequences to select the best navigation pattern. 

A hybrid recommender system has been introduced by Goksedef et al. in [3]. This 
system uses four prediction techniques including K-Means clustering, click-stream tree, 
Markov model, and association rules. Firstly, each technique was explored and then 
various combination methods were introduced. Then a comparative analysis was also done 
on various prediction techniques and various combination methods were shown to be 
effective in terms of precision and coverage of predictions.  

Almurtadha et al. [8] have suggested a recommender system for instant navigators. In 
this system, page visiting duration is used to compute the weight of each page in order to 
show the importance of the page in the session. Then, the navigation pattern is extracted 
using the K-means clustering method. Afterwards, a navigation profile is made for each 
cluster to show the users’ interests in the profile. In online phase, the recommendation 
engine calculates the matching score between the user active session and the navigation 
profiles using cosine similarity measure. Finally, the navigation profile with the highest 
score is selected to present the recommendations. 

Castellona et al. [2] have proposed a recommender system called as NEWER based on 
the neuro-fuzzy method. This recommender system uses computational intelligence 
techniques to suggest the web pages dynamically based on the users’ interests. mining the 
users’ navigation patterns, user sessions are classified using a density-based fuzzy 
clustering algorithm named as CARD+. Then, fuzzy rules are extracted by a neural network. 
In the online phase, the fuzzy inference is used to suggest the web pages to users. 

Poornalatha et al. [9] have proposed an algorithm to predict the future requested web 
pages based on the clustering and combined distance measure. In this algorithm the user 
sessions are firstly clustered using the K-Means clustering method. Then, a new 
combination distance measure used to calculate the similarity between two user sessions. 
Next, the recommendation engine calculates the similarity between the user active session 
and each center of cluster based on the combination measure and selects the cluster with 
the most similarity. 

Gurabas et al. [10] proposed a new approach based on the density based clustering 
algorithm and K-Nearest-Neighbors method. To create the user sessions, a time-out based 
heuristic method is employed, firstly. In order to extract the user navigation patterns, a 
density based clustering algorithm, called as DBSCAN, is used. In online phase, the best 
cluster is found by the recommendation engine to make the recommendations using the K-
Nearest-Neighbor algorithm. Also, TF-IDF algorithm with cosine similarity measure is used 
to accelerate the process. 

All of the proposed approaches neglect many important features from the sessions that 
can improve the precision and coverage of the recommendations. In this regard, the aim of 
this paper is to propose a new hybrid approach to improve the precision and coverage of 
the recommendations. 

 

3. System Design 
In this paper, a new approach is proposed to predict the users’ requests. In Figure 1, the 

steps of the proposed approach is has been shown Similar to the most of the 
recommender systems, the proposed approach consists of online and offline phases. 
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Figure 1: architecture of proposed system  

 

3.1. Offline Phase 
3.1.1. Data Preparation and Data Preprocessing: The web server stores all the user’s navigations in 
the log files. The collected web data is usually heterogeneous, unstructured, and massive. The 
objective of this step is to prepare the raw data to mine the navigation patterns. This step includes 
some operations as: data collection, data cleaning, data structuring, and data preprocessing. Doing 
these steps, a series of is generating m web pages and n user sessions are generated as   
*          + and   *          +, respectively in which each      is a subset of P. Each session is 

a vector of m pairs as   〈(  
   (  

 )) (  
   (  

 ))   (  
   (  

 ))〉 in which   
     for each 

  *     + and  (  
 ) is the weight of page   

  in session s which is a non-negative real number. 
This weight shows the importance of page    in session s. The calculation of page weights is 
described in section 3.1.1.4. The output of this step is a matrix of users’ interests whose columns are 
web pages and rows show the users’ sessions. Also, each matrix value is the page weight respect to 
the corresponding user’s session. In the following, each operation is described briefly.  
 
3.1.1.1. Data Collection: In this step, the access log files are collected from the favorite servers. 
Although there are different access log files based on the types of the server settings, all of these files 
stores similar information such as request sent time and date, requested resource name (URL), client 
IP address, and the request method (HEAD, POST, GET, etc.). 
 
3.1.1.2. Data Cleaning: In this step, the redundant data are removed and consequently the data size 
is reduced. Removing the redundant data depends on the ultimate purpose of the web 
personalization. The requests that are commonly removed include the following cases: 
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 The requests that their access method is not GET: These requests do not refer to any 
explicit request from the users. As these requests are considered unimportant, they 
should be removed from the file [2]. 

 The requests related to multimedia objects: the most parts of the requests originated 
from HTTP protocol specifications in log files that for each file, image, sound, and video 
in the web pages requires a separate server request. The inputs referring to image, 
sound, video, and CGI script can be omitted. These files are downloaded without any 
explicit request from the users and are not considered as the part of the real activities of 
the users. Consequently, deleting these types of log files causes that some valuable 
information are lost. Storing or removing these kinds of requests depends on the data 
analyst. In this paper, these kinds of requests are removed. 

 Unsuccessful and damaged requests: these requests are shown by records containing a 
HTTP error code. A successful request has the code status 200 while the other requests 
are considered to be unsuccessful and should be deleted. Besides, the requests including 
lost values in some fields should be removed [2]. 

 The requests from web robots: the requests from the spiders and web crawlers, e.g. 
complete download of a web site, should be removed. There are two solutions for 
identifying these requests. The first solution is identifying and removing the requests 
with “Robot.txt” in their URLs. The second solution is based on the fact that the robots 
retrieve web pages automatically. Therefore, their browsing speed is very high. Hence, all 
IPs with a navigation speed greater than a certain threshold should be removed. This 
threshold is determined by analyzing the browser behavior based on the log file [2]. 
 

3.1.1.3. Data Structuring: In this step, the unstructured requests in the log file are processed to 
create the user sessions. A user session is a collection of web pages visited by the user. The exact 
identification of users and their sessions is very important in web personalization as the user models 
are built based on their behaviors. Identification of users based on the log file is a difficult task. This is 
because a typical user can use different hardware platforms and on the other hand different users 
might use a similar computer. There are various ways to identify the users, but many of them are a 
threat to security and personalization, e.g. cookies [11].  

Therefore, in this research a heuristic method is used in which a unique IP is a user. It should be 
noted that a particular IP may be used by several users. Following the user identification, the related 
requests are separated and their sessions should be then extracted. In order to identify the sessions, 
a time-based method is used. Accordingly, if the session time exceeds the pre-determined threshold, 
it is considered as a new user session. Empirically, this threshold is set as 30 min for each session [11, 
12]. 

 
3.1.1.4. Final Data Preprocessing: After the previous steps, a number of data transformation 
techniques can also be performed on the transaction data. These techniques improve the precision 
of the personalization systems based on WUM [13]. According to [2, 3, 14] short user sessions are 
considered to be random sessions and should be removed. In this article, the sessions with a length 
equal or less than 3 pages are removed. 
In the proposed approach, in order to show the importance of each page, a page weight is assigned 
to each page in the sessions based on the following parameters: page visiting duration, page visiting 
frequency, and page visiting date. These weights show the user’s interest in that page in that 
particular session. 
According to [6, 15], page visiting duration shows the importance of the page, because if a page is 
not interesting for the user, he/she will pass it quickly and leaves the page. Of course, it should be 
noted that with a reduction in a web page’s size, its visiting time however decreases. Therefore, the 
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page visiting duration is considered to be proportional to the page size. In order to calculate the 
importance of a page based on its visiting duration, equation 1 is used: 
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Based on [6], page frequency means how many times the user returns to a page in a 
session. The higher the frequency of a web page in a session, the more important is the 
web page compared to other pages. In order to calculate the page importance based on 
the frequency, equation 2 is used: 
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Date is also important to strengthen the page weight. The users are more likely to request 
the newer pages while the old pages are less likely to be visited. This is because the users 
like to search the new information. In order to use the date information, a time period is 
defined. Based on the changeability of these pages, this time period can be determined as 
a daily, weekly, or monthly period. To calculate the importance of a page based on its date, 
equation 3 is used: 
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Where,                    shows difference between the page visit date and the 

current date. min is a minimum threshold for days' difference. If      is less than the min 
threshold, it shows that the page has been visited by user recently and gets a higher 
weight. max is a maximum threshold for difference of day numbers. If      exceeds the 
threshold, the page is visited on a date longer than the determined time period. Therefore, 
a zero weight is assigned to this page. In this article, based on the available data sets, the 
time period is assumed to be monthly. Therefore, min is set to 1 day and max is set to 30 
days. 
The page weight in a session is computed using the 4 formula as: 
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                      (4) 

 
The final page weight is the average of the page weight in all the sessions.  
3.1.2. Navigation Pattern Mining: In this step, useful pattern and recommendation models 
by data mining algorithm are discovered from preprocessed data. In the proposed system, 
the fuzzy clustering algorithm and weighted association rules algorithm were used to mine 
user navigation patterns. 
3.1.2.1. Fuzzy Clustering the Sessions: The interest matrix calculated in the previous step 
was used as input for the clustering algorithm. Clustering helped classify user sessions 
based on their interests. Recent studies have proved benefits of using fuzzy logic to 
improve personalization techniques [16]. Use of the fuzzy logic in recommender systems 
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was introduced in [17]. Since user choices lack certainty, placing a session in a certain 
cluster cannot show users interest accurately. Therefore, in this article in order to cluster 
sessions, the fuzzy clustering algorithm or FCM (Fuzzy C-Means) was used. This method of 
clustering helps put data into to two or more different clusters. In 1996, Rospini proposed 
a clustering method using fuzzy techniques for the first time. This clustering algorithm is 
based on minimization of the objective function using equation 5: 
 

2

1 1
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Where, C is the number of clusters, N is number of data, and     is the degree of 

membership of data i by cluster j. In addition, m is a real number larger than 1. In most 

cases, number 2 is used.    is the ith data and    is center of the ith cluster. ||*|| is the 

distance of data xi from the center   . Any distance function can be used for this purpose 

but usually the Euclidean distance is used. The aforementioned function cannot be 
minimized directly, so a iterative algorithm should be used. The degree of membership of 
data i in cluster j and cluster center updated by following equations: 
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The iteration is stopped when the following condition is satisfied: 
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ij                         (8) 

 
Since in FCM initial centers of clustering are selected randomly, in the proposed 

method, first K-means with Euclidian distance measure classify the dataset, because the K-
means method has a higher speed than FCM. Centers obtained from the K-means 
algorithm are used as initial centers for FCM. In the FCM algorithm, first initial degree of 
membership should be determined for each data to the center of clusters that in standard 
FCM this be randomly. In this article we use K-means algorithm and normalize the distance 
between data and the center of clusters and give it to FCM algorithm as the initial degree 
of membership. 

 
3.1.2.2. Weighted Association Rules Mining for Each Cluster: Association rules show the 
relation between itemsets based on their pattern of co-occurrence across transactions 
(without considering their orders). In the case of web sessions, association rules capture 
relationship among visited pages. Most approaches for discovering association rules are 
based on the Apriori algorithm [19], which uses production and test strategies. This 
algorithm has 2 phases. In the first phase, groups of itemsets which seen together several 
times in different transactions (and have a user determined support threshold) are 
identified. Such groups of itemsets are known as frequent itemsets. An important property 
named downward closure property in Apriori is as following: if an itemsets do not fulfill the 
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minimum support threshold, then no mega-collections will fulfill this criterion. This feature 
is essential to the harvest of state space and repetition of each algorithm. In the second 
phase, rules are extracted from the set of all frequent itemsets. Then rules with higher 
confidence level are determined by user and selected as final rules. In this article, this 
algorithm was used. 

In this step, weighted association rules from each cluster should be extracted. In this 
article, the weighted association rules mining algorithm suggested in [6] was used. In their 
suggested algorithm, the traditional algorithm of weighted associated rules was obtained 
by assigning weights to each page to show importance of that page in the session and new 
an algorithm named the weighted association rule mining was developed. 

Weight of each page in section 3.1.1.4 was calculated based on page visit duration, page 
visit frequency and page visit date. Itemsets weights in each session are based on weight of 

pages including them and are shown by  (   ), that X is an itemset and s is a session. The 
simplest way to obtain itemsets' weights is by considering the minimum of weights 
including the pages. This is shown in relation 9 [6]: 

 

 
  

sX

sXpppw
sXw

k










0

,...,,min
,

21              (9) 

Where, k is the number of itemsets. 
By assigning weights to itemsets, weights can be assigned to each sessions. Assignment 

of weights to each session causes better identification the difference between various 
sessions. Therefore, the transaction with higher weight plays a larger role in mining the 
results. The simplest way to calculate each session weight is to obtain the mean weight of 
itemsets that include the sessions. In this part, a new weight is suggested for each session. 
Since each session with different degrees belongs to a different fuzzy clusters, therefore 
weight of session is concern to degree of membership the session in clusters. Weight of 
session Sk in cluster c is calculated according to following relation: 
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In above formula,     is the degree of membership of Sk to cluster c. 
The weighted support of an itemsets X across all sessions, is calculated based on relation 

11: 
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Where,  ̅ is the average weight of all pages across all sessions and S is the set of all 
sessions. 

The weighted confidence of weighted association rules is defined by the following 
relation: 
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In this model, in addition to the weighted support and weighted confidence, the weight 
of each page is also shown in each rule. Therefore, weighted association rules are defined 
as follows: 

  〈
(          ) (                )

 (            )    
〉    

 

Where (          )     (                ) present the head and body of 
weighted association rules, respectively. Moreover, σ represent the weighted support and 

α is the weighted confidence. (            ) also indicates the corresponding weight 
of each page. Output of this step are weighted association rules extracted for each fuzzy 
cluster.  

 
3.2. Online Phase 

In this phase the navigation pattern discovered in the offline is used for prediction. The 
main module of this phase is the recommendation engine. When a user enters the system, 
the recommendation engine predicts future user behavior by comparing the results 
obtained from modeling user behavior in offline phase and suggests a list of pages with 
high potential. Suggested pages are added to the last page of the user active session 
before being sent to the her/his browser.  

After receiving user active sessions, the recommendation engines goes through the 
following steps: 

 
3.2.1. Calculation of degree of membership of user active sessions to each cluster: In this 
step, recommendation engine calculates the degree of Membership of the user active 
session to all fuzzy clusters. The degree of Membership is calculated as follows: the 
similarity of user active session with the centers of each cluster is determined and then the 
degree of membership of that session is calculated for each cluster. 
 
3.2.2. Determining Number of Pages to be selected from each Cluster: In this article a 
new solution was proposed to determine the number of pages to be selected from each 
cluster. In this method, a defuzzification method is used. A proportion is obtained between 
pages selected from each cluster and degree of Membership of the user active session to 
that cluster. For example, assuming that we have 3 clusters and 10 pages should be 
suggested and the degree of Membership of user active session to clusters 1 to 3 are 
respectively 0.7, 0.2, and 0.1, the number of pages to be selected form each cluster to 
suggested to the user will be 7, 2 and 1 for respectively clusters 1, 2 and 3. 
 
 3.2.3. Finding Weighted Association Rules Corresponding to User active session: In this 
step, visited pages sequence in the user active session is adjusted to the header of 
weighted association rules related to the fuzzy cluster and rules that the pages in this 
header existed in user active session are extracted. Then, matching score of user active 
sessions with left-hand side of the weighted association rules is calculated using equations 
13 and 14: 
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Where, s is user active session and    is the left-hand side of the weighted associated 
rule [6]. In this article, as recommendation of each page was different, the body part of 
each weighted associated rule has one page. This step for each fuzzy cluster was obtained 
separately. 

 
4.2.3. Product Recommendation set: In this step for each page in the right-hand side of 
the extracted weighted association rules in previous step that does not exist in the user 
active session, recommendation score is calculated based on formula 15: 
 

     pXXspXsc  wconf*,MatchScore,Re                (15) 
 
According to the above formula, the score of each page is determined based on the 

matching score and weighted confidence of the weighted associated rule. After calculating 
the score, page are sorted based on their scores in descending manner. Then based on 
number of pages to be selected from each cluster that determined in 3.2.2 step, n page 
that have higher scores, are selected and recommended to user. 

 

4. Experimental Results 
4.1. Datasets 

In this part, experiments are conducted to show the effect of suggested method on the 
web page prediction process. In order to do experiments, two different dataset were used. 
The first dataset was obtained from the NASA Kennedy Space Center [20] and second 
dataset was obtained from the DePaul University CTI web server [21]. The reason for using 
these datasets was that they had been used in many other studies. Their specifications are 
shown in Table 1. After preparation and preprocessing, 2/3 of each dataset were selected 
randomly to be used as training set and the remaining data were used for testing and 
evaluation. 

 
Table 1: Datasets used in experiments 

Dataset Period Number of entries 

NASA web log Month of july 1995 1,891,715 

CTI web log Month of april 2002 552,468 

 
4.2. Evaluating Metrics 

In order to evaluate the suggested method, three standard measures named precision, 
coverage and F1 were used [22]. Each test session ts with a length of |ts|- in testing set- is 
divided into two parts. w pages were selected from the ts session and were called user 
active session (active window). Therefore, it is assumed that session w with a length of |w| 
is the user active session and is used to generate recommendations. The remaining rp = 
|ts| - w pages that are equal to the page unvisited by the current user are compared to the 
output of the suggested system. The recommendation phase results in a vector with rs 
pages recommended to the current user. Precision of recommendations equals the ratio of 
accurate recommendations to all recommendations. Recommendations precision is 
calculated using relation 16: 

 

rs

rprs
rprs


),(precision                       (16) 

 

Makieh Amiri Manesh et al. / Vol. 5(17) Oct. 2015, pp. 2455-2467                                     



 
  

 
2478 

 
International Journal of Mechatronics, Electrical and Computer Technology (IJMEC) 

Universal Scientific Organization, www.aeuso.org 
PISSN: 2411-6173, EISSN: 2305-0543 

 

Recommendation coverage equals the ratio of identified correct recommendations to 
total number of pages remained in the same session. Recommendations coverage is 
measured using relation 17: 

rp

rprs
rprs


),(coverage                         (17) 

F1 measure will have the most value when the other two measures (precision and 
coverage) have the highest value. F1 of recommendations is measured using formula 18: 

 

 
 

),(cov),(

),(cov*),(*2
,1

rprseragerprsprecision

rprseragerprsprecision
rprsF


                  (18) 

 
4.3. Discussion and Results 

Before clustering the training set, first proper number of clusters for each dataset should be 
determined. There are various methods to determine proper number of clusters. In this article, 
certain measures were used and these measures were explored for different number of clusters 
varying from 3 to 15. In all experiments, precision, coverage and F1 of recommendations were 
calculated for various numbers of recommended pages from 1 to 10. In order to extract weighted 
association rules, the minimum weighted support considered in the CTI dataset equals 0.001 and in 
the NASA dataset equals 0.0001. The reason to select this small support is the low number of rules 
with high support in these datasets. The reason is that web logs are a collection of spars data [23] 
with many unique pages that are repeated in a number of sessions. The size of active window and 
minimum weighted confidence were also calculated for various values and the best result was 
selected. 

 
4.3.1. Determining Optimal Number of Clusters: To determine the optimum number of 
clusters in fuzzy clustering, the following two measures were used: S and Sc [24]. These 
measures calculate ratio of the sum of compactness and separation of the clusters. Lower 
value of these measures indicates better clustering. FCM Clustering for training set of each 
datasets for various amounts of clusters was carried out for 3 to 15 clusters. Results from 
calculation of these measures for CTI dataset are shown in figure 2 and for the NASA 
dataset are also shown in figure 3. As seen in part a of figure 2, S measure determines 14 
clusters for the proper number of clusters for CTI dataset, also Sc measure is shown in part 
b of figure 2 for the same dataset and determine 14 clusters for the proper number of 
clusters too. Therefore, the optimal number of clusters for FCM clustering of the CTI 
dataset is 14 clusters. Also these measures determine 15 clusters for the optimal numbers 
of clusters for the NASA dataset. 
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Figure 2: Values of S (a) and Sc (b) inserted on CTI dataset in FCM clustering 

 
Figure 3: Values of S (a) and Sc (b) inserted on NASA dataset in FCM clustering 

 

4.3.2. Impact of Active Window Size: In order to study the impact of active window size 
(w) and minimum weighted confidence, system results was studied with different w values 
and different values of minimum weighted confidence. F1 measure results were studied 
with values varying from 0.1 to 0.5 for minimum weighted confidence and with active 
window size varying from 1 to 4. Figure 4 shows these results for CTI dataset and figure 5 
shows results for NASA dataset for varying number of recommended pages from 1 to 10. In 
parts a toe of these figures, the F1 measure is calculated for each minimum weighted 
confidence and various sizes of active window, then In part f, the best results of previous 
parts are compared together to determine the best result. As seen in these figures, 
increasing the size of active window leads to the input of more information to system. It 
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can be concluded from figures that a window of size 1 in which just the last visited page by 
user is considered cannot provide enough information to the system for make 
recommendations. By increasing the size of the active window, F1 grows, but this increase 
continues to reach the size of the active window 3, and in the case of the size of active 
window 4, it decreases. The reason is that when the size of the active window exceeds 3 
pages, a longer history of browsing is required, therefore it is not possible to provide 
recommendations to user who browsing the website shortly. As seen in the figures, 
selection of smaller weighted confidence leads to the growth of the model size. 
Consequently, the number of invaluable rules increases and low quality recommendations 
are produced. As a result, F1 measure reduces. Large minimum weighted confidence lead 
to a loss of many rules that related to pages with high potential that appears in few 
sessions. Consequently in this case, F1 measure also reduces. As seen in figures, in the CTI 
dataset, the best results were obtained in size of active window 3 with the minimum 
weighted confidence of 0.3 while in the NASA dataset the best results were obtained in 
size of active window 4 with the minimum weighted confidence of 0.2. 
 

 
Figure 4: Analysis of the impact of active window size and minimum weighted confidence on F1 measure in CTI dataset 

 

 
Figure 5: Analysis of the impact of active window size and minimum weighted confidence on F1 measure in NASA dataset 
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4.3.3. A Comparison with Other Recommendation Methods: In this part, the proposed 
method was compared to the method proposed in [6] and the proposed method based on 
K-means clustering named IPACT in [8], and the method used for K-means clustering 
instead of FCM clustering in the proposed method. Results of performance of these four 
methods based on precision of recommendations with varying number of recommended 
pages are shown in figures 6 and 7 for CTI and NASA datasets, respectively. According to 
precision diagrams the proposed method in this article has higher precision than the other 
three methods. Naturally, as mentioned, algorithm precision reduces by increasing the 
number of recommended pages and coverage increase by increasing the number of 
recommended pages.  

Performance results of these four methods based on recommendations coverage are 
shown for CTI dataset in figure 8 and for NASA dataset in figure 9. According to these 
figures, the proposed method has the best performance compared to the other three 
methods. Figure 10 shows F1 measure for each of the four algorithms in CTI dataset and 
figure 11 shows the values for these algorithms in NASA dataset. In table 2 and 3 the 
percentages of improvement in precision and coverage by the proposed algorithm are 
shown for CTI and NASA datasets in relation to other methods. According to the resulting 
diagrams and results, it is concluded that the use of the weighted association rules for 
making recommendations can increase quality of recommendations.  

In all three methods that weighted association rules are used to make model, better 
results are obtained. According to research results, it can be concluded that use a proper 
clustering before extraction of association rules is highly important. According the tables 
and diagrams, use of the K-means clustering method because limiting recommendations to 
a certain part of the model, reduces the quality of recommendations compared to the 
method lacking clustering. The reason for the advantage of the propose system over others 
is that it does not limit the selection of recommendations to a cluster and a specific part of 
the user navigation patterns. Consequently, it manages to offer a more complete model of 
user behavior. It can be concluded that the proposed hybrid algorithm is able to make a 
more precise and effective recommender system for the web as compared to other 
algorithms. 

 
Table 2: Percentage of improvement by the proposed algorithm compared to other recommendation 

method in CTI dataset 

 
Compared recommendation 

method 
Improvement of precision by 

the proposed algorithm 
Improvement of coverage 
by the proposed algorithm 

1 IPACT  27.2180 6.8855 

2 W Association Rules  8.1782 1.8716 

3 K-means+W Association Rules 14.5676 4.1034 

 

Table 3: Percentage of improvement by the proposed algorithm compared to other recommendation method 
in NASA dataset 

 
Compared recommendation 

method 
Improvement of precision by 

the proposed algorithm 
Improvement of coverage 
by the proposed algorithm 

1 IPACT 12.3571 0.6081 

2 W Association Rules 2.2767 1.3457 

3 K-means+W Association Rules 14.3477 2.8373 
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Figure 7: precision of recommendations in NASA 

dataset 
Figure 6: precision of recommendations in CTI 

dataset   

Figure 8: coverage of recommendations in CTI 

dataset   

Figure 9: coverage of recommendations in NASA 

dataset 

Figure 10: F1 measure of recommendations in CTI 

dataset 

Figure 11: F1 measure of recommendations in 

NASA dataset 
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Conclusion and Future Works 
In this article, a new hybrid approach was used to design a web personalization system 

using web usage mining. The proposed system recommends pages automatically based on 
their interests. In this system, after extracting interest matrixes, user sessions are clustered 
by the fuzzy clustering method and then weighted association rules for each cluster are 
extracted. In order to extract weighted association rule for each fuzzy cluster, a new 
weight is suggested for each session. In the recommendation engine, a new method was 
offered to produce recommendations. To determine optimal number of cluster for each 
dataset, particular measures were used. Evaluation results revealed that the proposed 
approach increases the precision and coverage for recommendations in NASA and CTI 
datasets. In order to improve results of proposed system, we can consider other aspects of 
the system too. In the proposed system for fuzzy clustering, Euclidean similarity measure 
was used, the combination of other similarity measure based on web sessions attributes 
can be used to examine possible improvement of the system results. The use WUM with 
other web mining aspects (such as web structure mining) and semantic web also increases 
the chances of generation of better recommendations.  
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