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Abstract 

The enormous content on World Wide Web makes it an obvious candidate for data mining research. Application of data mining 
techniques to extract the knowledge in the form of web pages from the World Wide Web is referred to as Web Mining. Web 
mining has become a critical tool for competitive application intelligence. Understanding the behavior of a site's visitors requires 
creative extensions of KDD (Knowledge Discovery in Databases) techniques for e-commerce and clickstream data. Patterns must 
be discovered from a variety of data sources, and these patterns must be interpreted and transformed into actionable knowledge 
for redesigns that bring revenue. In this paper, a survey of research in the area of web mining as well as semantic web mining is 
done along with the applications of web mining and some challenges being faced by semantic web mining. 

 
1. Introduction 
 
The advent of World Wide Web [1] has caused an enormous increase in the usage of internet. The WWW is a 
broadcast medium where a wide range of information can be obtained at a low cost. The information on WWW is 
important not only to individual users but also to the business organizations especially when the critical decision 
making is concerned. Web mining can be used to derive indicators that describe marketing success, the 
appropriateness of distribution channel etc. The ever increasing use of internet has made automatic knowledge 
extraction from Web log files a necessity. The effectiveness of the Web sites can be improved by adapting the 
information structure of the sites to the users’ behavior. Therefore, Information providers are interested in 
techniques that could learn Web users’ information needs and preferences. This can improve the effectiveness of the 
Web sites by adapting the information structure of the sites to the users’ behavior. 
 
2. Web Mining Taxonomy 
 
One of the key steps in KDD is to create a suitable target data set for web mining tasks. In web mining, data can be 
collected at the server-side, client side, proxy server or the organization’s database that contains both the business 
data as well as the consolidated web data. Each type of data collection differs not only in the location of the data 
source but also in the segment of users from whom the data is collected, the nature of data composed and in their 
methods of implementations. Web Mining can be broadly divided into three distinct categories, according to the 
kinds of data to be mined [2] as shown in fig 1: 
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3. Web Content Mining:  
 

Web Content Mining is the process of extracting useful information from the contents of Web documents. Content 
data corresponds to the collection of facts a web page was designed to communicate to the users. It may consist of 
text, images, audio, video, or structured records such as lists and tables. Text mining and its application to web 
content has been the most widely researched issue. Some of the research issues addressed in text mining are topic 
discovery, extracting association patterns, clustering of web documents and classification of Web Pages. Research 
activities in this field also involve techniques from other disciplines such as Information Retrieval (IR) and Natural 
Language Processing (NLP). Web content mining studies can be divided into two main approaches: agent based 
approach and database approach [1] as shown in fig 1. Agent-based web mining systems can be placed into three 
categories. Intelligent Search Engines uses domain characteristics and user profiles to organize and interpret the 
discovered information such as Harvest [3] Parasite [4 and Shop-Boot [5. Information Filtering/Categorization uses 
various information retrieval techniques [6] and characteristics of open web documents to automatically retrieve 
filter and categorize them. Personalized Web Agents learn user preferences and discover web information sources 
based on these preferences and those of other individuals with similar interests such as WebWatcher [7] Sykill & 
Webert [8]. 
The aim of database approaches to web mining is to organize semi-structured web pages into more structured 
collections of resources.  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig1: Knowledge discovery domains of web mining 
 

4. Web Structure Mining:  
 
The structure of a typical Web graph consists of Web pages as nodes, and hyperlinks as edges connecting between 
two related pages. Web Structure Mining can be regarded as the process of discovering structural information from 
the Web. This type of mining can be further divided into two types based on the kind of structural data used. 
Hyperlinks: A Hyperlink is a structural unit that connects a Web page to different location, either within the same 
Web page or to a different Web page. A hyperlink that connects to a different part of the same page is called an 
Intra-Document Hyperlink, and a hyperlink that connects two different pages is called an Inter-Document Hyperlink. 
There has been a significant body of work on hyperlink analysis, of which [2] provides an up-to-date survey. 
Document Structure: In addition, the content within a Web page can also be organized in a tree-structured format, 
based on the various HTML and XML tags within the page. Mining efforts here have focused on automatically 
extracting document object model (DOM) structures out of documents. Most research on the web structure mining 
can be thought of a mixture of content and structure mining and add content information to the link structures such 
as Clever System[9] and Google[10]. 

 
5. Web Usage Mining:  
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Web Usage Mining is the application of data mining techniques to discover interesting usage patterns from Web 
data, in order to understand and better serve the needs of Web-based applications [2]. Usage data captures the 
identity or origin of Web users along with their browsing behavior at a Web site e.g. IP addresses, page references, 
and the date and time of references.  The usage data can also be split into three different kinds on the basis of the 
source of its collection: the server side, the client side, and the proxy side which are described in the next sub 
section. 
 
5.1 Data Sources 
The usage data that is collected from different sources provide the navigational patterns [11] of different segments of 
the user traffic varying from single-user, single site browsing behavior to multi-user, multi site access patterns as 
shown in fig.2. 
 
 
 
 
 
 
 
 
 
 

 
 

Fig2. Segments of web traffic 
 
5.1.1 Server level collection: 
 
A web server log [2] is an important source for performing web usage mining because it explicitly logs all user 
behavior in a more or less standardized fashion. These log files can be stored in various formats such as Common 
log format or extended log format. However, the usage data collected from the server logs may not be fully reliable 
due to the presence of various levels of caching within the web environment. Cached page views are not recorded in 
the server logs. Further, any important information passed by POST may also not be available in the server log. 
Packet sniffing can be the alternative approach for collecting usage data from the server logs. Packet Sniffers 
monitor network traffic coming to a web server and extract usage data directly from the TCP/IP packets. The server 
log may also maintain some additional data in the form of cookies and query data in separate logs. Cookies are the 
tokens generated by the web server for individual client browsers and in order to automatically track the site visitors. 
But this might hinder the user’s privacy and moreover, some users might delete the cookies so it is not always the 
reliable source of information. Query data is also generated by the online visitors while searching for pages relevant 
to their information needs. Web server also relies on other utilities e.g. CGI scripts to handle data send back from 
client browsers. Web servers implementing CGI scripts parse the URL of the requested file to determine if it is an 
application program. The URL for CGI programs may contain additional parameters to be passed to the CGI 
application. Once the CGI program has completed its execution, the web server sends the output of the CGI 
application back to the browser. 
 
5.1.2 Client level collection 
 
The client side data collection [2] can be implemented by using the remote agents like Java Applets or Java Scripts 
or by the modified browser. Client side collection has an advantage over the server side collection as it removes both 
the caching and session identification problems. However, java applets perform no better than the server logs in 
terms of determining the actual view time of a page. In fact, it may incur some additional overhead especially when 
the java applet is loaded for the first time. Java scripts on the contrary may consume less interpretation time but 
cannot capture all the user clicks such as reload and back buttons. These methods will collect single-site, single user 

        Single User    Multiple Users  

 

 

Single Site              Client side collection 
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browsing behavior. A modified browser on the other hand is much more versatile and will allow the data collection 
about the single user over the multiple sites. But both these implementation techniques require the user co-operation 
either in enabling the functionality of the java scripts or java applets or to use the modified browser voluntarily. 
 
5.1.3 Proxy level collection 
  
This level of data collection logs behavior of multiple users over multiple websites. A web proxy acts as an 
intermediate level of caching between the client browsers and web servers. Proxy caching can be used to reduce the 
loading time of a web page experienced by the users as well as the network traffic load at the server and the client 
sides [12]. This kind of information can be found in the log files originating from the proxy servers. These servers 
are used by the ISP’s to give customer’s access to the WWW. They also serve as a caching server which means that 
they will keep pages that were recently requested on this server and if the same request is made by another user 
shortly after that, they will send the cached page to that user, instead of requesting it again from the web server 
where that page is located. The performance of proxy caches depends on their ability to predict future page requests 
correctly. Proxy traces may reveal the actual HTTP requests from multiple clients to multiple web servers. This may 
act as the data source for characterizing the browsing behavior of a group of anonymous users sharing a common 
proxy server. 
 

 
6. Web Usage Mining 
 
Web usage mining focuses on the techniques that could predict user behavior while the users interact with the web. 
The main areas of research in this domain are Web log data preprocessing and identification of useful patterns from 
this preprocessed data using mining techniques. Several surveys on Web usage mining exist [2, 40]. As shown in fig 
3, web usage mining has three phases: preprocessing, pattern discovery and pattern analysis. Preprocessing consists 
of converting the usage, structure and content information contained in the various available data sources into the 
data abstractions necessary for pattern discovery. Pattern discovery can be divided into the categories, statistical 
analysis, association rules, clustering, classification, sequential patterns and dependency modeling [13]. Pattern 
analysis is the last step of web usage mining that aims to filter out interesting rules or patterns from the set found in 
the pattern discovery phase. The most common way of pattern analysis is a query mechanism such as SQL.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
      
 
    
 
 
 
 

Fig 3.Web Usage mining process 
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6.1 Preprocessing 
 
Preprocessing consists of converting the usage, content and structure information contained in the various available 
data sources into the data abstractions necessary for pattern discovery. If this phase is not performed adequately, it is 
not possible for the mining algorithms to provide reliable results. 
 
6.1.1 Data cleaning 
 
Due to the incompleteness of the available data, usage preprocessing is arguably the most difficult task in web usage 
mining. First of all, irrelevant data should be removed to reduce the search space and to skew the result space. Since 
the intention is to identify user sessions that build up out of page views, all hits in a log file are not necessary. This is 
true for server logs as well as for proxy logs. A log file generates a hit for every requested file. Since a HTML-page 
may consist of several files (text, pictures, sounds, and several frames) it would be useful if we could keep only a 
single hit for each page view. To get an idea of user behavior, it is only necessary to keep track of the files that the 
user specifically requested. Very often, all hits with a suffix like .jpg, .gif, .wav, etc. are removed out of the log file. 
It suffers from a major drawback. Sometimes users specifically want to see a picture on a separate page. This page 
view will be deleted while it shouldn’t.  
 
6.1.2 User and session identification 
 
After the log file has been cleaned, the next step is to identify users. This time and again poses a serious problem. If 
every computer in the world had its own unique IP-address, there wouldn’t be a problem. However, most ISP’s 
make use of dynamic IP-addresses. This means that every time a user logs on to the Internet, he will be given a 
different address. This makes it impossible to distinguish returning users. As a consequence, it is usually simply 
assumed that every new IP-address represents a new user. Sometimes it is possible to identify a new user even when 
the IP-address is the same. This occurs when the agent log shows a change in browser software or operating system 
[14]. Some sites try to solve the problem of user identification through the use of cookies that contain an 
identification number. However, users very often delete cookies or disable their use, which makes that this technique 
is not always reliable either. Other sites try to identify users by asking them for a login and password. But this 
technique may not be very useful always as it may defer the users away. Assuming each user has now been 
identified (through cookies, logins, or IP/Agent/path analysis), the clickstream for each user must be divided into 
sessions. Since, page requests from other servers may not be available; it is difficult to know when the user has left a 
web site. A thirty minute timeout is often used as the default method to break a user’s clickstream into sessions. A 
thirty minute timeout is based on the results of [15]. The other problem encountered when preprocessing usage data 
is that of inferring cached paged references. The only verifiable method of tracking cached page views is to monitor 
usage data from the client side. The referrer field for each request can be used to detect some of the instances when 
cached pages have been viewed. Fig 4 shows the sample log. 
 
# IP 
Address 

User 
id 

Time Method/ URL/ 
Protocol 

Status Size Referrer agent 

123.456.78.9 - [25/Apr/2006:03:04:41 
-0500] 

"GET A.html 
HTTP/1.0" 

200 329
0 

- Mozilla/3.04 (Win98, 
I) 

123.456.78.9 - [25/Apr/2006:03:05:34 
-0500] 

"GET A.html 
HTTP/1.0" 

200 205
0 

A.html Mozilla/3.04 (Win98, 
I) 

123.456.78.9 - [25/Apr/2006:03:05:39 
-0500] 

"GET A.html 
HTTP/1.0" 

200 413
0 

- Mozilla/3.04 (Win98, 
I) 

123.456.78.9 - [25/Apr/2006:03:06:02 
-0500] 

"GET A.html 
HTTP/1.0" 

200 509
6 

B.html Mozilla/3.04 (Win98, 
I) 

123.456.78.9 - [25/Apr/2006:03:07:42 
-0500] 

"GET A.html 
HTTP/1.0" 

200 329
0 

- Mozilla/3.01 (X11, I, 
IRIX6.2, IP22) 

123.456.78.9 - [25/Apr/2006:03:07:55 
-0500] 

"GET A.html 
HTTP/1.0" 

200 250 A.html Mozilla/3.01 (X11, I, 
IRIX6.2, IP22) 

123.456.78.9 - [25/Apr/2006:03:09:50 
-0500] 

"GET A.html 
HTTP/1.0" 

200 814
0 

L.html Mozilla/3.04 (Win98, 
I) 
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123.456.78.9 - [25/Apr/2006:03:10:02 
-0500] 

"GET A.html 
HTTP/1.0" 

200 182
0 

A.html Mozilla/3.01 (X11, I, 
IRIX6.2, IP22) 

123.456.78.9 - [25/Apr/2006:03:10:45 
-0500] 

"GET A.html 
HTTP/1.0" 

200 227
0 

F.html Mozilla/3.04 (Win98, 
I) 

123.456.78.9 - [25/Apr/2006:03:12:23 
-0500] 

"GET A.html 
HTTP/1.0" 

200 943
0 

C.html Mozilla/3.01 (X11, I, 
IRIX6.2, IP22) 

123.456.78.9 - [25/Apr/2006:03:12:33 
-0500] 

"GET A.html 
HTTP/1.0" 

200 722
0 

B.html Mozilla/3.04 (Win98, 
I) 

209.654.76.9 - [25/Apr/2006:05:22:23 
-0500] 

"GET A.html 
HTTP/1.0" 

200 329
0 

- Mozilla/3.04 (Win98, 
I) 

209.654.76.9 - [25/Apr/2006:05:06:03-
0500] 

"GET A.html 
HTTP/1.0" 

200 168
0 

A.html Mozilla/3.04 (Win98, 
I) 

 
Fig 4 Sample web log server 

 
IP address 123.456.78.9 is responsible for three server sessions while IP address 209.654.76.9 is responsible for the 
fourth session. Using the combination of referrer and the agent field, three sessions formed are: A-B-F-O-G, L-R, 
and A-B-C-J. Without using cookies or embedded session ID, or a client side tracking, there is no method for 
determining that 209.654.76.9 in the last two lines of the log actually forms one session. 
 
6.2 Pattern Discovery 
 
Pattern Discovery is the key component of the Web mining that converge the algorithms and techniques from data 
mining, machine learning, statistics and pattern recognition etc research categories. However, it is not the intent of 
this paper to describe all the algorithms and techniques derived from these fields. This section describes the kinds of 
mining activities that have been applied to the web domain. Methods developed from other fields must take into 
consideration the different kinds of data abstractions and other prior knowledge available for web mining. For 
example, in association rule discovery, the notion of transactions related to market basket analysis doesn’t take into 
consideration the order in which the items are selected. However, in web usage mining, a server session is an 
ordered sequence of pages requested by a user. Furthermore, due to the difficulty in finding unique sessions, 
additional prior knowledge is required such that imposing the default timeout period as pointed out in last section. 
Following section elaborates briefly the various techniques used for pattern discovery. 
 
6.2.1Log file analysis 
 
Even though this is not a data mining technique as such, it is probably the most widely used technique to obtain 
structured information out of server logs. There are huge numbers of tools on the market that will accept the most 
common log file formats as an input to answer some basic questions that every Web site administrator has. It will 
provide information such as the number of hits and page views, the number of unique and returning users, the 
average length of a page view, an overview of the browsers and operating systems that were used, an overview of 
keywords that were used in search engines and that led to the Web site, etc. Despite lacking in the depth of its 
analysis, this type of knowledge can be potentially useful for improving the system performance, enhancing the 
security of the system, facilitating the site modification task, and providing support for marketing decisions [16].  
 
6.2.2 Association rules 
 
In web usage mining, association rules [17] [18] [21] are used to find out which pages are frequently visited together 
in a single server session. They will be used to discover which Web sites and which sectors are frequently visited 
together. These pages may not be directly linked to one another via hyperlinks. An association rule is usually 
presented in the following syntax: 

 
GoogleCom <= GmailCom & OrkutCom (15:2.788%, 0.27) 
 

This rule means that out of the 15 instances (representing 2.788% of the database) that visited the sites of 
www.gmail.com and www.orkut.com together, 27% also visited www.google.com. The support is 15, the 
confidence 27%. 
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Early systems used collaborative filtering for user recommendation and personalization. Bamshad Mobasher and 
colleagues [42] used association-rule mining based on frequent item sets and introduced a data structure to store the 
item sets. They split Web logs into user sessions and then mined these sessions using their suggested association rule 
algorithm. They argue that other techniques based on association rules for usage data do not satisfy the real-time 
constraints of recommender systems because they consider all association rules prior to making a recommendation. 
Ming-Syan Chen and colleagues [43] proposed a somewhat similar approach that uses a different frequent itemset 
counting algorithm.  
 
6.3.3 Sequential patterns 
 
This technique has some similarities with the association rules. The difference is that it takes the time dimension into 
account. The algorithm tries to find sequences in which a certain page (or Web site) usually comes before of after 
another page (or Web site). In other words, it “attempts to find inter-session patterns such that the presence of a set 
of items is followed by another item in a time-ordered set of sessions or episodes” [22].  
 
6.3.4 Clustering 
 
In general, clustering is a process of creating a partition so that all the members of each set of the partition are 
similar according to some metric [23]. In relation to web usage mining, the definition can be narrowed to a 
technique to group users in clusters based on their common characteristics. Clustering algorithms learn in an 
unsupervised way. They discover their own classes and subsets of related objects in the training set. Then it has to 
find descriptions that describe each of these subjects. Clustering of pages will discover groups of pages having 
related content. This information is useful for Internet Search Engines and web assistance providers. In both 
applications, permanent or dynamic html pages can be created that suggest related hyperlinks to the user according 
to the user’s query or past history or information needs. 
 
6.3.5 Classification 
 
Contrary to clustering, classification is a supervised way of learning. It is the task of mapping the data item into one 
of the several predefined classes. [24]. In the web domain, one is interested in developing a profile of users 
belonging to a particular class or category. Classification can be done by using supervised inductive learning 
algorithms such as decision tree classifiers, naïve Bayesian classifiers, k-nearest neighbor classifiers, support vector 
machines etc. For example, classification on server logs may lead to the discovery of interesting rules such as: 48% 
of the users, who visit two or more sites of television stations in a single session, are younger than 22 years. 
 
6.3 Pattern Analysis 
 
Pattern analysis is the last step of the web usage mining process as shown in fig.3.  The motivation behind pattern 
analysis is to filter out uninterested rules or patterns from the set found in the pattern discovery phase. The exact 
analysis methodology is usually governed by the application for which web mining is done. The most common form 
of pattern analysis consists of knowledge query mechanism such as SQL. Another method is to load the usage data 
into a data cube in order to perform OLAP operations. Visualization techniques, such as graphing patterns or 
assigning colors to different values, can often highlight the overall patterns or trends in the data. Content and 
structure information can be used to filter out patterns containing pages of a certain usage type, content type, or 
pages that match a certain hyperlink structure. 
 
Recent work by Yannis Manolopoulos and colleagues [41] provides a comprehensive discussion of Web logs for 
usage mining and suggests novel ideas for Web log indexing. Such preprocessed data enables various mining 
techniques. We briefly describe some of the notable research here. 
 
7. Applications of Web Mining 
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The usage patterns extracted from the web data have been applied to a wide range of applications as shown in fig 5. 
Projects such as [26] [27] [28] [29] [30] have focused on web usage mining in general, without extensive tailoring of 
the process towards one of the various sub-categories. 
 
 
 
 
 

 
           
 
 
 
 

 
Fig 5.Application areas of web usage mining 

 
7.1 E-Business 
 
Information on how users are using a website is critical information for marketers of e-business. Buchner et al [31] 
have presented a knowledge discovery process in order to discover market intelligence from web data. They define a 
web access log data hypercube that consolidates web usage data along with marketing data for e-commerce 
applications. Four distinct steps identified are defined in customer relationship that can be supported by their 
knowledge discovery techniques: customer attraction, customer retention, cross sales and customer departure. In 
[32], web server logs have been loaded into a data cube structure in order to perform data mining as well as Online 
Analytical Processing (OLAP) activities such as roll-up and drill-down of the data. In the Web Log Miner project, 
the data collected in the access log files goes through four stages. In the first stage, the data is filtered to remove 
irrelevant information and a relational database is created containing the meaningful remaining data. This database 
facilitates information extraction and data summarization based on individual attributes like user, resource, user's 
locality, day, etc. In the second stage, a data cube is constructed using the available dimensions. OLAP is used in the 
third stage to drill-down, roll-up, slice and dice in the web access log data cube. Finally, in the fourth stage, data 
mining techniques are put to use with the data cube to predict, classify, and discover interesting correlations. 
 
7.2 Personalization 
 
Web Personalization is the task of making web-based information system adaptive to the needs and interests of 
individual users or groups of users. Typically, a personalized web site recognizes its users, collects information 
about their preferences and adapts its services, in order to match the needs of the users. One way to expand the 
personalization of the web is to automate some of the processes taking place in the adaptation of a web-based system 
to its users. Two of the examples to be quoted in this field are: SiteHelper [33] is a local agent that acts as the 
housekeeper of a web server, in order to help a user to locate relevant information within the site. The agent makes 
use of the access log data to identify the pages viewed by a given user in previous visits to the site. The keywords 
characterizing the contents of such pages are incorporated into the user profile. When that user returns to the site, the 
agent is able, for example, to show the changes that took place in pages that are known to be interest and also to 
recommend any new pages. Web- Watcher [6], acts like a web tour guide assistant, it guides the user along an 
appropriate path through the collection based on the past experiences of the visitor. It accompanies users from page 
to page, suggests appropriate hyperlinks and learns from experience to improve its advice-giving skills. The user 
fills a form stating what information he is looking for and, as the user navigates the web, the agent uses the 
knowledge learned from previous users to recommend links to be followed; the links thought to be relevant are 
highlighted. At the end of the navigation the user indicates whether or not the search was successful, and the model 
is updated automatically. 
 
7.3 Site Modification 

Web Usage Mining 

Site -

Modificati

Site-

Improvem

Usage - 

Characteriza

Business 

Intellige

Personalizati

on 



Dr. Jyoti, IJRIT           210 

 

 
The attractiveness of a web site, in terms of both content and structure, is the main idea of many applications, 
especially for a product catalog for e-commerce applications. The structure and the attractiveness of the web site are 
crucial because web sites are the only way between the company and their visitors. Web Usage Mining provides 
detailed feedback on user behavior, providing the web site designer with information on which to base redesign 
decisions. Web usage data provides an opportunity to turn every site into an ongoing usability test. While the 
information is not as complete as the information that can be gathered form a formal usability analysis with videos 
and trained observers. Web usage data are cheap and plentiful. While the results of any of the projects could lead to 
redesigning of the structure and content of a site, the adaptive web site project [35] [36] focuses on automatically 
changing the structure of a site based on the usage patterns discovered from the server logs. Clustering of pages is 
used to discover which pages should be directly linked. 
 
7.4 Site Improvement 
 
The problem of modeling and predicting of a user’s access on a web site has attracted a lot of research interest. 
Performance and other service quality attributes are crucial to user satisfaction from services such as databases, 
networks etc. Similar qualities are expected from the users of web services. Web usage mining provides the key to 
understand web traffic behavior, which can in turn be used for developing policies for web caching, load balancing 
or data distribution. Security is an acutely growing concern for web based services especially when e-commerce 
continues to grow at an exponential rate [37]. 
  Almeida et al [38] propose models for predicting the locality, both temporal and spatial, amongst web pages 
requested from a particular user or a group of users accessing from the same proxy server. The locality measure can 
then be used for deciding pre fetching and caching strategies for the proxy server. The increasing use of dynamic 
content has reduced the benefits of caching at both the client and the server level. 
 
7.5 Usage characterization 
 
While most projects that work on characterizing the usage, content and structure of the web, don’t necessarily 
consider themselves to be engaged in data mining, there is a large amount of overlap between web characterization 
and web usage mining. Catledge et al [38] discuss the results of the study conducted at the Georgia Institute of 
Technology, in which the web browser Xmosaic was modified to log client side activity. The results collected 
provide detailed information about the user’s interaction with the browser interface as well as the navigational 
strategy used to browse a particular site. The project also provides the detailed statistics about the occurrence of the 
various client side events such as clicking the back/forward buttons, saving a file, add to bookmarks etc. Pitkov et al 
[39] propose a model which can be used to predict the probability distribution for various pages a user might visit on 
a particular site. This model works by assigning a value to all the pages on a site based on various attributes of that 
page. The formulas and the threshold values used in the model are derived from an extensive empirical study carried 
out on various browsing communities and their browsing patterns. 
 
8. Semantic Web Mining 
 
The Semantic Web [45] is emerging as the next-generation Web, with a semantically rich language such as the Web 
Ontology Language (www.w3.org/TR/owl-features) for marking up hypertext pages. OWL allows more complex 
assertions about a page (for instance, its provenance, access rules, and links to other pages) than the Web-as-
database approach, which is limited to simple metadata (topics, author, creation date, and so on). Moreover, these 
assertions will be in a language with explicit semantics, making it machine interpretable. As Bettina Berendt and 
colleagues [44] discuss, the Semantic Web and Web mining can fit together: Web mining enables the Semantic Web 
vision, and the Semantic Web infrastructure improves Web mining’s effectiveness. In the Semantic Web, adding 
semantics to a Web resource is accomplished through explicit annotation (based on ontology). Humans cannot be 
expected to annotate Web resources; it is simply not scalable. Hence, we need to automate the annotation process 
through ontology learning, mapping, merging, and instance learning. Web content-mining techniques can 
accomplish this. For instance, we can use topic classification to automatically annotate Web pages with information 
about topics in ontology. Annotations of this kind enable new possibilities for Web mining. Ontology can help 
improve clustering results through feature selection and aggregation (for instance, identifying that two different 
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URLs both point to the same airfare search engine). With the Semantic Web, page ranking is decided not just by the 
approximated semantics of the link structure, but also by explicitly defined link semantics expressed in OWL. Thus, 
page ranking will vary depending on the content domain. Data modeling of a complete Web site with an explicit 
ontology can enhance usage-mining analysis through enhanced queries and more meaningful visualizations. 
  Authors of [46] have taken a significant step in personalization of semantic web. They have first incorporated 
fuzzy logic into Formal Concept Analysis to mine user access data for automatic ontology generation, and then 
apply approximate reasoning to generate personalized usage knowledge from the ontology for providing 
personalized services. 
 
8.1 Semantic Web Mining Challenges 
 
When applying Semantic Web Mining, several possible challenges will appear because of different issues such as 
the complexity and the nature of the semantic data [47] and few possible problems with their suggested solution(s) 
are described below.  
Reference [47] stated that one of the main obstacles in mining the Semantic Web data is recognizing interesting that 
could be caused by three reasons: 

1. Firstly, the traditional data mining algorithms are built to mine homogeneous data sets.  
2. Secondly, the normal way of representing the semantic data is by triple structure consisting of subject, 

predicate, and object (SPO) and each triple de-fines a fact which causes the complexity in the data.  
3. Finally, most sublanguages of OWL are provided by description logics, “knowledge representation 

formalisms with well-understood formal properties and semantics” [47], instances from the same OWL 
class might have multiple structures causing the heterogeneous nature of the data.  

Different solutions are proposed to overcome these difficulties, for example handling the hidden knowledge in 
semantic data by applying a kind of semantic reasoner, and a pre-process of the triples is done by calculating the 
composition values followed by grouping and then constructing transactions under specific considerations ac-
cording to the user’s requirement.  

  Reference [48] argued that a problem of Semantic Web ontology structure appears when a traditional decision 
tree algorithm is trying to make practical use of extra information from ontology, and when this mining algorithm is 
trying to select variables correctly and that be-cause of the network composition of the ontologies in the semantic 
data leading to the possibility of unlimited number of properties (no restriction) and each property is allowed to 
content multiple values. Therefore, a number of modifications are proposed to overcome these limits such as 
including information about relations between concepts and roles (named properties in OWL) of objects based on 
ontology in the mining process, using description logic based constructor to increase the power of condition’s 
expression and providing a method for choosing variables automatically using statistical basis and ontology 
relations’ information.  
In mining semantic data, the problem of non-frequent items could happen leading to reduce the support thresh-olds 
of the mining process which could produce a considerable number of irrelevant patterns. A possible answer to deal 
with this obstacle is generalizing the values of items (objects or subjects) based on the kinds of the concepts and the 
concepts themselves [49]. In their work, it appears that the use of Semantic Web data is limited by using only two of 
the triple data structure in the mining. However, there is an absence of relevant information about the dataset sample 
being used, such as the sample size, and the sample annotations. There is a lack of evaluation and validation of the 
proposed techniques, and the conclusion is very general and does not describe the presented work, with weak 
justifications. 
 
9. Conclusion 
 
This paper has attempted to provide an up-to-date survey of the rapidly growing area of Web Mining. With the 
growth of web based applications, specifically e-commerce, there is a significant interest in analyzing web data to 
better analyze web usage data, and apply the knowledge to better serve users. In this paper, three web mining 
categories and their connections with each other have been discussed. The web presents the new challenges to the 
traditional data mining algorithms that work on flat data. In relation to that some of the traditional data mining 
algorithms have been extended and some new have been used to work on web data. Also, various application areas 
of web usage mining have been discussed. Also, In the last Section, semantic web mining and its challenges have 
been presented. 
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