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Abstract - Ontology as model for knowledge description and formalization is used to represent user profile in
personalized web information gathering. While representing user profiles many models used a global
knowledge bases or user local information for representing user profiles. In this paper we study a personalized
ontology model for knowledge representation and reasoning over user profiles. World knowledge base and local
instance repositories are both are used in this model.
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l. INTRODUCTION

Today is the world of internet. The amount of the web-base information available on the internet has
increased significantly. But gathering the useful information from the internet has become the most challenging
job today’s scenario. People are interested in the relevant and interested information from the web. The web
information gathering systems before this satisfy the user requirements by capturing their information needs. For
this reason user profiles are created for user background knowledge description. The user profiles represent the
concepts models possessed by user while gathering the web information. A concept model is generated from
user background knowledge and possessed implicitly by user. But many ontologists have observed that when
user read a document they can easily determined whether or not it is of their interest or relevance to them .If the
user concept model can be simulated, and then a better representation of the user profile can be build. To
Simulate use concepts model, ontologies are utilized in personalized web information gathering which are called
ontological user profiles or personalized ontologies [1] ,[2],[3].In Global analysis, global knowledge bases are
used for user background knowledge representation. Local analysis use local user information. Global analysis
is limited by quality of knowledge base whereas local analysis is not sufficient for capturing user knowledge. If
we integrate global and local analysis within a hybrid model the global knowledge will be constrain the
background knowledge discovery form the user local information. Such an ontology model will give the better
representation of user profiles. [4]

1. LITERATURE REVIEW

A. Ontology Learning

Ontologies are means of knowledge sharing and reuse. They are semantic containers. The term
‘Ontology’ has various definitions in various texts, domains and applications. Many existing knowledge bases
are used by many models to learn ontologies.Gauch et al. [1] and Sieg et al. [5] learned personalized ontologies
from the Open Directory Project to specify users’ preferences and interests in web search. King developed
IntelliOnto based on the basis of the Dewey decimal classification. The Dewey Decimal Classification (DDC)
system is a general knowledge organization system that is continuously revised to keep pace with knowledge.
The DDC is used around the world in 138 countries; over sixty of these countries also use Dewey to organize
their national bibliographies. Over the lifetime of the system, the DDC has been translated into more than thirty
languages [6]. Doweney et al. [7] used Wikipedia which helps in understanding user interests in queries. The
above work discovered user background knowledge but the performance is limited by quality of the global
knowledge base.Much work has been done for discovering user background knowledge from user local
information.Pattern reorganization and association rule mining technique to discover knowledge from user local
information is used by Li and Zhong [3]. A domain ontology learning approach was proposed by Zhong [3] that
uses various data mining and natural language understanding techniques to discover knowledge from user local
documents for ontology construction. Semantic relations and concepts are discovered by Navigli et al. [8] for
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which he developed a system called Ontolearn. OntoLearn system is an infrastructure for automated ontology
learning from domain text. It is the only system, as far as we know, that uses natural language processing and
machine learning techniques. Jiang and Tan [9] use content mining techniques to find semantic knowledge from
domain-specific text documents for ontology learning. Much of user background knowledge is discovered using
these data mining technique but d In many work ontologies are used for getting better performance in
knowledge discovery. Lau et al. [10] in 2009 construct concept maps based on the posts on online discussion
forums using a fuzzy domain ontology extraction algorithm. Doan developed a model called GLUE and used
machine learning technique to find similar concepts in different ontologies. For given two ontologies, for each
concept in one ontology, GLUE finds the most similar concept in the other ontology. GLUE can work with all
of them. Another key feature of GLUE is that it uses multiple learning strategies, each of which exploits well a
different type of information either in the data instances or in the taxonomic structure of the ontologies. These
works explores more efficiently. [11].

B. User Profiles

In the web information gathering, user profiles were used to understand the semantic meanings of
queries and capture user Information needs. User profiles are used for user modeling and personalization. It is
used to reflect the interests of user. Li and Zhong defined user profiles as the interesting topics of a user’s
information need. The user profiles are categorized into two diagrams: the data diagram and which are acquired
by analyzing a database or a set of transaction whereas the information diagram user profiles acquired by using
manually such as questionnaires and interviews or automatic techniques such as information retrieval and
machine learning. User profiles are categorized into three groups: interviewing, semi-interviewing, and non-
interviewing. [1], [3], [12], [13].

111, CONSTRUCTION OF PERSONALIZED ONTOLOGY

Personalized ontologies describe and specify user background knowledge forms a conceptualization
model. We know that, web users might have different expectations for the same search query. For example, for
the topic “New York”, business travelers may have demand for different information from leisure travelers.
Same user may have different expectation from same query if applied in the different situation. A user may
become a business traveler when planning for a business trip, or a leisure traveler when planning for a family
holiday. From this observation an assumption is formed that web users have a personal concepts model for their
information needs, a user’s concept model may change according to different information needs. [14]

C. World Knowledge Representation

For the information gathering the world knowledge is very important. World knowledge is
commonsense knowledge possessed by people and acquired by through the experience and education. User
background knowledge is extracted from a world knowledge base encoded from the Library of Congress Subject
Heading (LCSH).The Library of congress subject Heading (LCSH) is ideal for world knowledge base. The
LCSH system is a thesaurus developed for organizing and retrieving information from a large volume of library
collections. LCSH has undergone continuous revising and enriching. The LCSH system is better than other
world knowledge taxonomies used. Table 1 shows a comparison of the LCSH with Library of Congress
Classification (LCC) used by Frank and Paynter [16], the Dewey Decimal Classification (DDC) used by Wang
and Lee [17], and the reference categorization (RC) developed by Gauch et al. [1] using online categorizations.

I.CSH 1.CC DDC RC
# of Topics 394,070 4,214 18,462 100,000
Directed Directed
Structure Acyclic Tree Tree Acyclic
Graph Graph
Depth 37 7 23 10
Semantic Broader, Super- and Super- and Super- and
Relations Used-for, Sub-class Sub-class Sub-class
Rclated-to

Tablel — Comparison of World Taxonomies [14]

As shown in tablel LCSH has more topics, more specific structure and more semantic relations. [14], [15].

D. Ontology Construction
User interested subjects are extracted from the WKB via user interaction. Ontology Learning
Environment (OLE) tool is developed to assists users with such interaction. Related to the topic, the interesting
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subjects consist of two sets; positive subjects and negative subjects. The subjects which are relevant to the
information need are positive subjects and the subjects which resolve ambiguous interpretation of information

need are negative subjects. The OLE provides users with a set of candidates to identity positive and negative
subjects. These candidate subjects are extracted from the WKB. The ontology contains three types of subject
candidates: positive, negative and neutral. The candidates which are not feedback as positive or negative are
treated as neutral subjects. The ontology is formalized for a given topic as follows. The structure of an ontology
that describes and specifies topic T is a graph consisting of a set of subject’s nodes. The structure can be

formalized as a 3-tuple
(7)== 5 taxt, rel =,

Where

° S is a set of subjects consisting of three subsets S*, 8,
and S8°, where 8" is a set of positive subjects regarding
T, 8 C 8 is negative, and &° C S is neutral;

° tax® is the taxonomic structure of O(T), which is a
noncyclic and directed graph (S,E). For each edge e €
E and typel(e) = is-a or part-of, i ff (s1 — s2) € &,
tar(s, — s2) = True means s,is-a Oor is a
part-of ss;

™ rel is a boolean function defining the related-to
relationship held by two subjects in S.

User selects positive and negative subject for their interests and preferences hence constructed ontology is
personalized. [14]

IV. MULTIDIMENSIONAL ONTOLOGY MINING
Using ontology mining we can discover interesting and on-topic knowledge from the concepts,
semantic relations and instances in ontology. Here we discuss 2D ontology mining method: specificity and
exhaustivity. Subject’s focus on a given topic is described by Specificity and subject’s semantic space dealing
with the topic is restricted by exhaustivity. Using this method we can investigate subject and the strength of their
association in ontology. The subject’s specificity has two focuses which are semantic specificity and topic
specificity. [14]

A. Semantic Specificity

It is investigated based on the structure of @{z) inherited from the world knowledge base. The lower
bound subjects have a stronger focus because it has fewer concepts in its space. Hence, the semantic specificity
of a lower bound subjects is greater than that of an upper bound subjects. It is measured based on the
hierarchical semantic relations (is-a and part-of) held by a subjects and its neighbors. The subjects have a fixed
locality on the tax® of @(7). It is also called as absolute specificity and denoted by spe ,(s). The determination
of a subject’s spe,(s) described in algorithml [14]. The isA(s") and partOf (s") are two functions in the
algorithm satisfying is4 (="} N part0f (") = B.

The isA(s") returns a set of subjects s € tax® that satisfy tax(s — 5"} = True and typels = s') = is — a.
The part0f (s") returns a set of subjects s € tax* that satisfy tax(s>s’) =True and type(s s’) = part-Of. The
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algorithm terminates eventually because £ax* is a directed acyclic graph

input : a personalized ontology (7)) := (taxS, rel); a
coefficient # between ((0,1).
output: spe.(s) applied to specificity.
1 set k& = 1, get the set of leaves Sy from taxr<, for (s0 € Sa)
assign spea(so) = k;

2 get S’ which is the set of leaves in case we remove the nodes S
and the related edges from ta:rS;
3 if (S’ == ) then return;//the terminal condition;
4 foreach s’ € 5’ do
5 if (isA(s") == @) then spel(s’') = k:
' else spel (s') = 0 x min{spea(s)|s € isA(s')};
7 if (partOf(s’) == ) then spe?(s’) = k;
. sy SPEal(s)
8 else spe2(s') = ﬁcpﬁaﬁiﬁf{im :
9 speq(8’) = min(spel (s'). spez(s'));
10 end

11 k= k x 8,5y = Sg U S’. go to step 2.

Algorithm 1. Analyzing Semantic Relations for Specificity

Asthe tcof OCisagraphic taxonomy, the leaf subjects have no descendants. Thus, they have the strongest
focus on their referring- to concepts and highest ~ spezi. The leaf subjects have the strongest — spea(of 1 in
the range of 0 tol.The root subjects have the weakest  speafand smallest value in (0, 1). [4], [14]

B .Topic Specificity

Topic specificity measures the focus of subjects on the given topic. It is investigated based on the user
background knowledge discovered from user local information. User background knowledge can be discovered
from user local information collections, such as user’s stored documents, browsed web pages, and
composed/received emails. Such collections is called Local instance Repository. Catalogs of the QUT library
are used as user LIR to populate the @{z}.The reference strength between an instance and a subject is evaluated.
The subjects cited by an instance are indexed by their focus. Many subjects cited by an instance may mean loose
specificity of subjects, because each subject deals with only a part of the instance. Hence, denoting an instance
by i, the strength of i to a subject s is determined by

1
priority(s, i) x n(i)

str(i,s) =

Where (i) the number of subjects on the citing list of i and prierity (s. i) is the index of s on the citing list.
The str(i. 5] aims to selects the right instances to populated @(7).

With the str(i. s)determined, the relationship between an LIR and @{z) can be defined. Let @ = {i1. iz ... i} be
a finite and nonempty set of instances in an LIR, and min _st* be the minimal st value for filtering out the
noisy pairs with weak strengths. Given i € £1 | we can get a set of subjects using the following mappings.

n:0 = 25, 9(i) = {s € §|str(i,s) = min _str}
The mapping function 1 (i) describe the subject cited by i. In order to classify instances, the reverse mapping ™
of'n can also be defined as

n~h5 = 25,97 =i € Q)str(is) = min _str}

The mapping 1 and 1" shows the relationship between instances and  subjects. Each i maps to a set of subjects
in S, and each sis cited by a set of instances in {1.[14]
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C. Evaluating Topic Specificity

Set of positive, negative and neutral subjects is presents in an @{z) . Depending on the mapping of
subject and instances, if an instances refers only to positive subjects, the instances fully supports the T and in
case of negative subjects, it is strongly against the . Measure of the strength of an instances to the t is
calculated as follows.

strii, 7) :Z strii, s) —Z str(i,s)
= E(NIIMS+) FE(n (M5

If str(i,7) = 0, i contains knowledge relevant to the z. Otherwise, i is against the .

The topic specificity of a subject is evaluated based on the instance-topic strength of its citing instances. The
topic specificity can also be called relative specificity with respect

to the absolute specificity and denoted by sper(s.t. LIR}. A subject’s sper(s.T. LIR} is calculated by

sper(s, 7. LIR) = Z strii, 1)
LET
. The specificity of subject is composition of semantic specificity and topic specificity and calculated by
spels, 7} = spea(s) % sper(s 7. LI
The value of  sper(s. 7, LI could be positive or negative. [4], [14]

D. Multidimensional Analysis of Subjects

The exhaustivity of a subject is the extent of its concepts space dealing with a given topic. If subjects
has more positive descendants this space extends. Otherwise its exhaustivity decreases. Let desc(s)be a given
function that returns the descendants of s in (z).Subject’s exhaustivity is calculated by aggregating the
semantic specificity of its descendants

exhis,7) = Z Z str(i,T) % spea(s’.7)
sredesc(s] | .
T IENE )
If specificity and exhaustivity of the subjects are positive then subjects are interesting.

{s|spe(s,T) > O0,exh(s,T) = 0,5 = S};
{slspe(s,T) < 0,exh(s, T) <0,s S}
{sls e (& — (ST LS )}

6 b
M

=3

The subject sets of 5+, 57.can be refined after ontology mining for the specificity and exhaustivity of subject

[4].

V. ONTOLOGY MODEL
The architecture of ontology model is shown in fig.1 Two knowledge resources, world knowledge base
and local instance repository is are utilized by the model. Taxonomic structure is provided by world knowledge
base whereas the background knowledge is discovered by user local instance repository.

(= o) 2
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T
v v
( Topic )

Discove: ry I | Ontology Learning

On-topic knowladge
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Fig.1. Architecture of Ontology Model [14]

VI. CONCLUSION
In this paper, we study an ontology model for personalized web information gathering. The model

constructs user personalized ontologies by extracting world knowledge from the LCSH system and discovering
user background knowledge from user local instance repositories. The ontology model in this paper provides a
solution to emphasizing global and local knowledge in a single computational model. The findings in this paper
can be applied to the design of web information gathering systems. The model also has extensive contributions
to the fields of Information Retrieval, web Intelligence, Recommendation Systems, and Information Systems
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