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ABSTRACT

The World Wide Web today provides users accesstteraely large number of Web sites many of which
contain information of education and commerciabieal Due to the unstructured and semi-structuredena
of Web pages and the design idiosyncrasy of WeB sitis a challenging task to develop digitatdites for
organizing and managing digital content from thebW&'eb mining research, in its last 10 years, methe
other hand made significant progress in categagiaimd extracting content from the Web. In this pape
represent ontology as a set of concepts and titeir-ielationships relevant to some knowledge daniie
knowledge provided by ontology is extremely uséfullefining the structure and scope for mining Web
content. We will therefore review Web mining andsdiébe the ontology approach to Web mining. The
application of these Web mining techniques to didibrary systems will also be discussed.

INTRODUCTION

Motivation

The ubiquity of Web can be characterized by thermoos volume and coverage of Web content, the

phenomenal number of Web users and businessesasheumber of computers and devices accessing Web,

and the large number of Web-based applicationsuriey conducted by OCLC in 2002 revealed thakether

were 3 million public Websites and 1.4 billion Weages at that point in time[1] A ubiquitous Web has

certainly led to some fundamental changes to treégdeof digital libraries. Among them is the search

behavior of digital library users. Users todayfpen more searches using Web search engines thA€OP

systems. Increasingly, Web is the preferred ofadéo source of information. A May 2004 survey by

Nielsen reported that an average surfer went ogiinemes for more than 24 hours in total durimgantt.

The ubiquity of Web offers some obvious explanaioramely:

e The coverage of Web content is so large thatdtffscult for any traditional digital libraries tmatch;

« The ability of to browse Web content directly or tisers’ computers and the ease of downloading them
is clearly a big draw; and

«  The availability of Web search engine (e.g., Gogdad Web directories (e.g., YahdaDMOZ* has
helped tremendously simplified the process of eagcWeb content.

Nevertheless, Web content is not always easy to Uxge to the unstructured and semi-structuredraaif
Web pages and the design idiosyncrasy of Web sitissa challenging task to develop digital libear for
organizing and managing digital content from thebW®&erners-Lee et al. therefore introduced the iofe
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Semantic Webwhich refers to the construction of a machine-usi@@dable semantic layer over the existing
Web content so as to support better informatiocgssing and Web services [2]. While Semantic Wap m
take several years to realise, digital library eeskers are turning to Web mining techniques taawp the
accessibility of Web content[3]. The well estalhdid Web mining techniques include Web classificaj}
and Web extraction [5,6].

Objectives

Web mining techniques have shown promising perfogeain research experiments. Their actual
deployment in live Web data, in contrast, has biagty limited due to a lack of background semasitic
required for processing the text data, links, atietioelements in Web pages. In this respectntol ogy
which gives a conceptual description of the backgdossemantics can serve as a very useful inpbetéveb
mining problems [7]. An ontology refers to a sétconcepts and the relationships, together known as
ontology entities, describing the information wittan application domain. When an ontology is used
solving a Web classification or extraction probldhg results obtained can be associated with tt@agy
entities making them easier to understand. Théshgy advantage because each ontology often s
knowledge agreed upon by users and applicatioasdoinain. For example, within the University domai
{Professor, Student, Course} and {Teach, Regisepervise} are the common concepts and relatiosship
respectively. University Web pages are likely entered around these concepts and related concept
instances are likely to be linked in one way orthen

As the languages for defining ontologies and ughmy latter in marking up Web content become well
accepted [8], we see an increasing use of ontatodyeb mining. In this paper, we will give an oviemw of
ontology-based Web mining. In ontology-based Web mining, we are often iegéed in discovering the
instances of concepts and relationships in a gieetology, or using them to discover other useful
knowledge. These Web mining techniques can patignkie deployed in a digital library system to anbe
the access to Web content. This paper will lates@nt our research ¢twwmepage mining and homepage
relationship mining where homepages representing instances of con@eqts pairs of homepages
representing instances of relationships are to inedrrespectively [9,10].

Paper Outline

The rest of the paper is organised as follows. défenition of ontology will first be given. We Withen
elaborate on ontology-based Web mining. Follovilmeg, our research in homepage mining and homepage
relationship mining will be described. Finally, @i/e a conclusion of the paper.

WHAT IS ONTOLOGY?

The term ontology can be defined in many diffengays. Genersereth and Nilsson defined an ontasgy
an explicit specification of a set of of objectsncepts, and other entities that are presumedisbiaxsome
area of interest and the relationships that hotntiil1]. As implied by the above general defimti@an
ontology is domain dependent and it is designdmttehared and reusable. Usually, ontologies diredito
consist of abstract concepts and relationshippr@perties) only. In some rare cases, ontologieslafined
to also include instances of concepts and relatipsgl2].

To solve a problem using ontology, a formal deffamitis required. For the purpose of this paperdefne

an ontology to be a set of conce@tand relationshipR. The relationships iR can be eithetaxonomic or
non-taxonomic. For example, Figure 1 depicts a simple Univgmsittology consisting of a set of concepts
Cuniv = {Person, Faculty, Saff, Student, Department, Project, Course}, and a set of relationshig&, -
{Department_Of(Person, Department), Member_Of(Person, Project), Instructor_Of(Course, Person),
Superclass Of(Faculty, Person), Superclass Of(Saff, Person), Superclass Of(Student, Person)}.
Superclass_Of represents the taxonomic relationship while tiseaee not. With this definition, the instances
of an ontology refer to the instances of its coteend relationships. If each concept instancstexm the
form of a Web page, a relationship instance wirttexist in the form of a Web page pair. This vieas
been adopted in most the Web classification resea@n the other hand, if each concept instancaski



the form an HTML element, a relationship instanck then exist in the form of an HTML element pair.
This alternative view is usually adopted in Webraation research. It is noted that other form&yrid
forms of concept instances may also exist for sévebsites.

Department_C Department Legend:
Member_Of I:l Concept

Person » Project
= Instructor_Of Non-Taxonomic
/ \\ —  Relationship
Course
Facul Staff | | Student Taxonomic
aculty _> Relationship

Fig. 1 An University Ontology Example

The construction of an ontology itself is an ongpiasearch topic. The construction process canaseial
with the help of some ontology editing tools, €qtoEdit [13], or automatic using a collection dihing
documents, e.g.OntoLearn[14]. There are also reiffelanguages for representing an ontology smas t
support exchanges of ontology knowledge. Su aglorékke gave a good description and comparison of
these languages. In this paper, we assume thatntmbogy is given to conduct Web mining. Since
knowledge exchange is outside the scope of ourustson, we do not intend to use any ontology
representation language in this paper.

OVERVIEW OF ONTOLOGY-BASED WEB MINING
Overview of Web Mining

Web mining refers to the discovery of knowledgenfrd/eb data that include Web pages, media objects on
the Web, Web links, Web log data, and other dateeigeted by the usage of Web data. Kosala and Bé&ck
classified Web mining into: (&)eb content mining, (b) Web structure mining and (c)Web usage mining [3].

Web content mining refers to mining knowledge frivieb pages and other Web objects. Web structure
mining refers to mining knowledge about link sturet connecting Web pages and other Web objectd We
usage mining refers to the mining of usage pattefiweb pages found among users accessing a Website
Among the three, Web content mining is perhapsistuthost extensively due to the prior work in text
mining. The traditional topics covered by Web emttmining include:

« Web page classification: This involves the classification of Web pages emdome pre-defined
categories that may be organised in a tree or sthactures.

*  Web clustering: This involves the grouping of Web pages basethersimilarities among them. Each
resultant group should have similar Web pages vilidd pages from different resultant groups should
be dissimilar.

* Web extraction: This involves extracting HTML elements, term @es, or tuples from Web pages that
represent some required concept instances, erggrpeames, location names, book records, etc..

Web Mining and Ontologies
In all the above types of Web mining, ontologies ba applied in the following two general approache

*  When both ontology and the instances of ontology entities are known: This usually applies to cases
where instances of ontology have been identifiedragrthe input Web data. With this additional data
semantics, Web mining techniques can discover kedgeé that is more meaningful to the users. For
example pntology-based Web clustering can use HTML elements corresponding to concepdies as
features to derive more accurate clusters. If \Mades are concept instanca#plogy-based Web site
structure mining can derive linkage pattern among concepts from \apes for Website design



improvements.

When only ontology are available as input semantic structures: Ontologies can also be used as
background semantic structures for Web mining. é@mple, instead of categorizing Web pages into
categoriespntol ogy-based Web page classification may classify Web pages as concept instances and
Web page pairs as relationship instances. ThisvalWeb pages to be searched using more expressive
search queries involving search conditions on catscand/or relationships. lontology-based Web
extraction, one may address the problem of extracting botMHElements as concept instances and
finding related pairs of HTML elements.

Digital Library Applications of Ontology-based Web Mining

Ontology-based Web mining, like traditional Web m@ is useful to many different digital library
applications. We can group these applications wutidefollowing classes:

Improved searchto Web data:  With additional ontological semantics, Webadean be indexed by their
concepts and relationships to support expressigecsequeries. For example, using the University
ontology in Figure 1, we can query faculty memlrdorimation working on digital library projects by
assigning query term “digital library” to the projeconcept and specifying that faculty relatedhe t
qualified projects to be returned in the query itssuSuch queries may resemble structured database
queries except that the data to be dealt with agb Jdages. A more expressive query model can suppor
very precise information search and reduce the aiafurrelevant Web information in the resultsJ15

Better browsing capabilities: Similar to searching, Web pages can be browssddon their ontology
concepts and relationships instead of following Wieks only. If Web pages are the concept instance
relationship instances can be created as somelimks between Web pages. Other than selecting
Web pages belonging to concepts of interest, onehzes navigate the virtual links between Web pages
enriching the browsing experience in digital lityrapplications[15]. On the other hand, if some tex
elements are identified as concept instances agid tblationships are extracted, they can also be
marked up in Web pages to direct user attentiotiseanore important text passages.

Per sonalization of Web data access: Personalization aims to find a subset of Wela tdzéit matches the
interest profile of a user or a group of users.isTdan be achieved by recommending Web pages or
Websites to the user(s), or by filtering Web pabasare of interest to the user(s). For exanthiecan
done by analysing the historical data recording aseesses to Web data, and mining the topicsaetev

to a user by clustering previously accessed Webghbgsed on content similarities. When a new Web
page is found to be similar to one of the clustécsan be routed to the user. As Web pages aretateu

with ontology entity labels, the grouping of Welgpa accessed by a user can be more effectively done
leading to more effective content recommendation.

HOMEPAGE MINING AND HOMEPAGE RELATIONSHIP MINING

Homepage mining and homepage relationship miniagwo related kinds of ontology-based Web content
mining where an input ontology is provided as tbmdin specific knowledge structure [9,10]. In hqage
mining, one aims to find homepages representingemninstances. As the name suggests, homepage
relationship mining refers the discovery of homeppgirs as related concept instances.

Web Unit-Based Homepage Mining

In homepage mining, it is assumed that some Webgarg designated as homepages of concept instances
and they provide the links to other Web pagesdthpplement the contentin homepages. The latkeaan

as thesupport pages. Consider the Website of some university, theeewsually homepages created for
university departments, faculty members, studerggrses, and other concepts in the University ogtol
example. These homepages are also often thedarb@teb queries and therefore important to mine. A
obvious approach to solve homepage mining probketn model it as a Web page classification problem.



Nevertheless, Web page classification mainly assigre or more concept labels to every Web pageltmase
its own content. It does not really consider thetegt of the Web page consisting of other neiglipiveb
pages so as to determine if it is a homepage.

In homepage mining, due to the role of homepageksthaeir support pages, we can construct for each
homepage &Veb unit to represent the complete information of the @pomding concept instancé Web

unit consists of exactly one homepage (also called a key page in [9]) and zero or more support pages. With

this definition, homepage mining can be formuladsd problem of finding Web units representing ephc
instances. Once Web units are found, so are thhesponding homepages. We therefore call \ttgb
unit-based homepage mining.

Figure 2 depicts the Web unit of the G-Portal researoject. It consists of a homepage linkingeweral
support pages.
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Fig. 2 A Web Unit Example

Web unit-based homepage mining has two main tdiskng the set of Web pages forming each Web unit,

and assigning the Web unit a concept label. Tlwetasks are complicated by the following two fastor

« The notion of Web unit is subjective as the detaation of homepage and support pages of a Web unit
may be different for different users.

e Support pages may not always be linked (directlindirectly) from homepages. For example, some
Web pages containing homework assignments mayenlithed from a course’s homepage and this has
some implications in the design of Web unit-baseehépage mining methods.

In [9], we proposed an iterative Web unit miningaithm (iWUM) to constuct and classify Web units.

Once the Web units are mined, the homepages wil la¢ discovered. The iWUM algorithm is designed

based on the following observations:

* Web pages from the same file directories also knasviWeb folders are more semantically related than
Web pages from different Web folders.

« Support pages of a Web unit are usually reachabie the homepage through some intra-unit links.

« The homepage of a Web unit is usually found abtgbest level Web folder containing the pages ef th
Web unit.

« Two Web units corresponding to instances of theesaamcept with no recursive relationship seldom
have direct links between them.



*  Multi-page Web units of the same concept ofterdeegi a set of folders, one for each Web unit &ied t
folders are directly under a common parent folder.

« The homepages of Web units of the same concepffi@me the link targets of a hub page which may be
found at: (a) the folder where the Web units acated if the latter are one-page Web units; (b) the
parent (or ancestor) folder of the folder(s) whitkeWeb units are located if the latter are mugtixged.

As depicted in Figure 3, the steps of iWUM can haéded into two main phases, namely tiveb fragment
generation phase and théNeb unit merging phase. Web fragments are Web units or parts of Web units. Like
Web unit, a Web fragment consists of a key pagezana or more support pages. However, the key gage
not necessary a homepage. iWUM essentially coctstiveb fragments and assigns them concept labels,
and iteratively combines labelled Web fragments latger Web units until all the Web units are fedn

Web pages
of a Website
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Web Directory Web Unit
Phase 1- Construction Construction Phase 2:
Web fragmer v v Wen:)ef:aigﬁ]mer
generation ging
Web Fragment Web Unit
Generation Classifier Learnin
v v
Web Fragment Web Unit
Classification Classification
I
VvV
Web
units

Fig. 3 Iterative Web Unit Mining (iWUM) Method

In Web directory construction, iWUM builds a trefefalders and Web pages from the URLs of Web pages.
The generation of Web fragments is done by comgutieconnectivity index of each Web folder so as to
indicate the extent to which the Web pages andfaldiers directly under the folder are connecte@ihe
more connected they are, the higher is the coniigcindex. Starting from the Web folder with theast
connectivity index, iWUM constructs Web fragmentshwsome heuristics to determining key and support
pages. These Web fragments are then classifiédcartcept labels. Here, the classifier of eacltephcan

be trained using Web units from a Website desigh&detraining. The Web fragments with and without
concept label assignments are then used to coh¥tkels units in the Web unit construction step. sTétep
involves merging an unlabelled Web fragment witateelled Web fragment to form a larger Web unitebV
unit classification further uses the content feaguand Website structure features to reassign potatgels

to all Web units.  With new concept label assignis, larger Web units are constructed again aed th
process repeats until the changes to Web unitdayel minimal.

iWUM has been applied to the well known WebKB datai a series of experiments. WebKB consists of
more than 4000 Web pages from 4 university Websibesit adopts a University ontology similar tottha
Figure 1. It was shown that Web units can be &ffely determined using the algorithms and be asgighe
correct concept labels. In other words, the homgepaining objective is achieved. The experimergsililts
have also shown that iWUM worked extremely well figirly well structured Websites.



Web Unit-Based Homepage Relationship Mining

Homepage relationship mining assumes that homepafgesncept instances are known, possibly using
Web-unit based homepage mining method. It carobradlated as a binary classification. That isegia
relationshipr, (c,,c,) wherecs andc; are the source and target concepts of the re&itipn, respectively,

one has to determine whether a pair of homepages, ) is an instance of the relationshig(c,,c,)

whereh Oc,and h Oc,. The general solution to homepage relationshipingi consists of three steps,
namelycandidate homepage pair generation, feature extraction, and classifier learning.

Homepage relationship mining is special in two atpe For a given relationship(c_,c ), one has to

generate candidates of hompage pairs by considesiing of homepages belonginget@ndc, respectively.
A naive approach to get all possible pairs howewserlead to a very large number. For examplenfand
nhomepages af; andc, respectively, there can ban candidate pairs causing much classification oethe
Moreover, the features for representing homepage pave to be carefully determined since a pooiagh
of feature set can lead to poor classification emxies. In our earlier research, we addressealibee issues
by introducing nter-homepage features andzero-filter [10].

Although a Web page can be represented by a sttatiires derived from its content, anchor text of
incoming links, and HTML tags, a straightforwarchgmosition of these features for a pair of homepages
does not necessarily work well in homepage relatigmmining. Our experiments have shown that ssmpl
feature composition yield very poor mining accueaci We therefore adopt some specially defined
inter-hnomepage features to characterize the bauokgroelations between a pair of homepagﬁg,, ht> .

These features include:

« Navigation features: The series of links between homepages may sudigestelationship between
them. Since we have the notion of Web units, k tian be either amtra-unit or inter-unit link.
Inter-unit links usually capture more informatioboat the relationships and we therefore derive the
navigation features from these inter-unit linksyoriThere are altogether 24 different navigaticatdees
that can be derived from direct links and indidédts with one intermediate Web page. For example,

h,OfMF~ h, h,OIF - h,andh 0T - h represent a direct link fromm, to hy, a direct link fromhs

to the support page of Web unit with homepageand a indirect link frong to h,. The full set of
navigation features are therefore:

h,O - h.h, O~ h,h, O~ h,h, OO h,h, OO~ h,h, O - h,h, O~ h,
hOM-h,h O - h,h O~ h,h OT - h,h OO0 h,h O80T - h,h 0T h,,
h 1T~ h,h <FTTF - h,h, <11 = h,h, <P~ b,
h, T ~h,h, < PT7F - h,h, < T - h,h, < FT1TF ~h

where <M1 represents two outgoing links from an intermedifeb page to the two homepages,

and <M - represents two outgoing links from the two homesag an intermediate Web page.

+ Relative-location features. Relative-location features are association betwtem homepages’
locations in the Web directory. They inclugk ent-child, sibling andancestor-descendent.

*  Common-itemfeatures. Common-item features refer to comon items shareithéyair of homepages.
Examples are email addresses, people names, ané phmbers. In our experiments, we have used
email addresses as common items.

* Supplementary features: These are additional features derived for some-tmenepage features and
must be used together with their associated intendpage features. In our experiments, we have used
anchor terms associated with direct links betwesndpages.

Having defined the above inter-homepage features,use them to represent each homepage pair for
relationship mining. A zero-filter is adopted #nrove those homepage pairs that have homepagastare
related to each other by any of the inter-homepegtires.



We conducted experiments on the classification otefor homepage relationship mining on the WebKB
dataset. There were three relationships involvedhe experiments, nameepartment_Of(Person,
Department), Member_Of(Person, Project), and Instructor_Of(Course, Person). The experiments used
three universities’ Web pages for training and réraaining ones for testing. SVM classifiers wezarht
using the training set. It was found that goodifasation accuracy was achieved using navigateatures
alone, while other inter-homepage features helpathprove accuracies in lesser extent. It was falsad
that the results of homepage relationship miningewery dependent on the quality of homepage minihg
homepages could not be determined accuratelyrtbesevould propagate further to homepage relakigns
mining.

SUMMARY AND CONCLUSIONS

Ontology is a some domain knowledge that coulddmxluo describe information on the Web. This paper
summarizes the use of ontology in Web mining. &rtipular, we focus on how ontology has been

incorporated in Web mining. We also use two spasfab content mining problems known as homepage
mining and homepage relationship mining as exampled present our solutions. As more ontologig¢s ge

developed covering a wide of domains and the newmd aflvanced Web search increases, more
ontology-based Web mining research will be requirdd the same time, we also envisage many of these
solution techniques will be implemented in the egirag digital library applications.
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