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Abstract— As a model for knowledge description and formalization, ontologies are widely used to
represent user profiles in personalized web information gathering. However, when representing
user profiles, many models have utilized only knowledge from either a global knowledge base or
user local inforamation. In this paper, a personalized ontology model is proposed for knowledge
representation and reasoning over user profiles. This model learns ontological user profiles from
both a world knowledge base and user local instance repositories. The ontology model is evaluated
by comparing it against benchmark models in web information gathering. The results show that this
ontology model is successful.
Keywords— Multidimensional, Ontology, personalization, world knowledge, local instance
repository, user profiles, web
Information gathering.
I. INTRODUCTION

The amount of web-based information available has increased dramatically. How to gather useful
information from the web has become a challenging issue for users. Current web information gathering
systems attempt to satisfy user requirements by capturing their information needs. For this purpose, user
profiles are created for user background knowledge description .User profiles represent the concept
models possessed by users when gathering web information. A concept model is implicitly possessed by
users and is generated from their background knowledge. While this concept model cannot be proven in
laboratories, many web ontologists have observed it in user behavior. When users read through a
document, they can easily determine whether or not it is of their interest or relevance to them, a judgment
that arises from their implicit concept models. If a user’s concept model can be simulated, then a superior
representation of user profiles can be built. To simulate user concept models, ontologies—a knowledge
description and formalization model—are utilized in personalized web information gathering. Such
ontologies are called ontological user profiles or personalized ontologies. To represent user profiles, many
researchers have attempted to discover user background knowledge through global or local analysis.
Global analysis uses existing global knowledge bases for user background knowledge representation.
Commonly used knowledge bases include generic ontologies (e.g., WordNet), thesauruses (e.g., digital
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libraries), and online knowledge bases (e.g., online categorizations and Wikipedia). The global analysis
techniques produce effective Performance for user background knowledge extraction. However, global
analysis is limited by the quality of the used knowledge base. For example, WorldNet was reported as
helpful in capturing user interest in some areas but useless for others. Local analysis investigates user local
information or observes user behavior in user profiles. For example, Li and Zhong discovered taxonomical
patterns from the users’ local text documents to learn ontologies for user profiles. Some groups learned
personalized ontologies adaptively from user’s browsing history. Alternatively, Sekine and Suzuki
analyzed query logs to discover user background knowledge. In some works, such as, users were provided
with a set of documents and asked for relevance feedback. User background knowledge was then
discovered from this feedback for user profiles. However, because local analysis techniques rely on data
mining or classification techniques for knowledge discovery, occasionally the discovered results contain
noisy and uncertain information. As a result, local analysis suffers from ineffectiveness at capturing formal
user knowledge. From this, we can hypothesize that user background Knowledge can be better discovered
and represented if we can integrate global and local analysis within a hybrid model. The knowledge
formalized in a global knowledge base will constrain the background knowledge discovery from the user
local information. Such a personalized ontology model should produce a superior representation of user
profiles for web information gathering. In this paper, an ontology model to evaluate this hypothesis is
proposed. This model simulates users’ concept models by using personalized ontologies and attempts to
improve web information gathering performance by using ontological user profiles. The world knowledge
and a user’s local instance repository (LIR) are used in the proposed model. World knowledge is
commonsense knowledge acquired by people from experience and education an LIR is a user’s personal
collection of information items. From a world knowledge base, we construct personalized ontologies by
adopting user feedback on interesting knowledge. A multidimensional ontology mining method,
Specificity and Exhaustivity, is also introduced in the proposed model for analyzing concepts specified in
ontologies. The users’ LIRs are then used to discover background knowledge and to populate the
personalized ontologies. The proposed ontology model is evaluated by comparison against some
benchmark models through experiments using a large standard data set. The evaluation results show that
the proposed ontology model is successful.
II. RELATED WORK
1. Ontology Mining
Ontology mining discovers interesting and on-topic knowledge from the concepts, semantic
relations, and instances in ontology. Ontology mining method is introduced: Specificity and Exhaustively.
Specificity (denoted spe) describes a subject’s focus on a given topic. Exhaustively (denoted exh) restricts
a subject’s semantic space dealing with the topic. This method aims to investigate the subjects and the
strength of their associations in ontology. In User Local Instance Repository, User background knowledge
can be discovered from user local information collections, such as a user’s stored documents, browsed web
pages, and composed/received emails.
2 .Ontology Learning
Global knowledge bases were used by many existing Models to learn ontologies for web information
gathering. For example, learned personalized ontologies from the Open Directory Project to Specify users’
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preferences and interests in web search. On the basis of the Dewey decimal classification, King ET
al.Developed IntelliOnto to improve performance in
Distributed web information retrieval. Wikipedia was used By Downey et al. help understand underlying
user Interests in queries. These works effectively discovered user Background knowledge; however, their
performance was limited by the quality of the global knowledge bases. Aiming at learning personalized
ontologies, many works Mined user background knowledge from user local information. Used pattern
recognition and Association rule mining techniques to discover knowledge from user local documents for
ontology construction. Tran Et al. translated keyword queries to Description Logics’ Conjunctive queries
and used ontologies to represent user Background knowledge. Proposed a domain Ontology learning
approach that employed various data mining and natural-language understanding techniques. Developed
onto Learn to discover semantic Concepts and relations from web documents. Web content Mining
techniques to Discover semantic knowledge from domain-specific text Documents for ontology learning.
Finally, Shehata et al. captured user information needs at the sentence level rather than the document level,
and represented user profiles by the Conceptual Ontological Graph. The use of data mining techniques in
these models leads to more user background knowledge being discovered. However, the knowledge
discovered in these works contained noise and uncertainties. Additionally, ontologies were used in many
works to improve the performance of knowledge discovery. Using a fuzzy domain ontology extraction
algorithm, a mechanism was developed by Lau et al. [19] in 2009 to construct concept maps based on the
posts on online discussion forums. Quest and Ali [31] used ontologies to help data mining in biological
databases. Jin et al. [17] integrated data mining and information retrieval techniques to further enhance
knowledge discovery. Doan et al. [8] proposed a model Called GLUE and used machine learning
techniques to find Similar concepts in different ontologies. Dou et al. [9]
Proposed a framework for learning domain ontologies using
Pattern decomposition, clustering/classification, and association Rules mining techniques. These works
attempted to explore a route to model world knowledge more efficiently.
3. User Profiles
User profiles were used in web information gathering to
Interpret the semantic meanings of queries and capture user
Information needs User profiles. Interesting topics of a user’s information need. They also categorized
user profiles into two diagrams: the data diagram user profiles acquired by analyzing a database or a set of
transactions; the information diagram user profiles acquired by using manual techniques, such as
questionnaires and interviews automatic techniques, such as information retrieval and machine learning.
Van der Sluijs and Huben proposed a method called the Generic User Model Component to improve the
quality and utilization of user modeling.
Wikipedia was also used to help discover user interests. In order to acquire a user profile, Teevan et al.
collection of user desktop text documents and emails, and cached web pages to explore user interests.
Makris et al. [24] acquired user profiles by a ranked local set of categories, and then utilized web pages to
personalize search results for a user. These works attempted to acquire user profiles in order to discover
user background knowledge. The users read each document and gave a positive or negative judgment to
the document against a given topic. Because, only users perfectly know their interests and preferences,
these training documents accurately reflect user background knowledge. Semi-interviewing user profiles
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are acquired by semi automated techniques with limited user involvement. These techniques usually
provide users with a list of categories and ask users for interesting nonintersecting categories No
interviewing techniques do not involve users at all, but ascertain user interests instead. They acquire user
profiles by observing user activity and behavior and discovering user background knowledge.
III. ONTOLOGY CONSTRUCTION
From observations in daily life, we found that web Users might have different expectations for the
same search query. For example, for the topic ―Den Mark,‖ business travelers may demand different
information from leisure travelers. Sometimes even the same user may have different expectations for the
same search query if applied in a 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. Based on this observation, an
assumption is formed that web users have a personal concept model for their information needs. A user’s
concept model may change according to different information needs. In this section, a model constructing
personalized ontologies for web users’ concept models is introduced.
1. World Wide Web Knowledge Representations
World knowledge is necessary for lexical and referential disambiguation, including establishing co
reference relations and resolving ellipsis as well as for establishing and maintaining connectivity of the
discourse and adherence of the text to the text producer’s goal and plans.‖ In this proposed model, user
background knowledge is extracted from a world knowledge base encoded from the Library of Congress
Subject Headings (LCSH). We first need to construct the world knowledge base. The world knowledge
base must cover an exhaustive range of topics, since users may come from different backgrounds. For this
reason, the LCSH system is an ideal world knowledge base. The LCSH was developed for organizing and
retrieving information from a large volume of library collections.
Table I

Comparison of different World Taxonomies
IV. MULTIDIMENSIONAL ONTOLOGY MINING
Ontology mining discovers interesting and on-topic knowledge from the concepts, semantic relations,
and instances in an ontology. In this section, a 2D ontology mining method is introduced: Specificity and
Exhaustivity. Specificity (denoted spe) describes a subject’s focus on a given topic. Exhaustivity (denoted
exh) restricts a subject’s semantic space dealing with the topic. This method aims to investigate the
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subjects and the strength of their associations in an ontology. We argue that a subject’s specificity has two
focuses: 1) on the referring-to concepts (called semantic specificity), and 2) on the given topic (called
topic specificity). These need to be addressed separately.
1. Semantic Specificity
The semantic specificity is investigated based on the structure of OðT Þ inherited from the world
knowledge base. The strength of such a focus is influenced by the subject’s locality in the taxonomic
structure taxS of OðT Þ (this is also argued by [42]). As stated in Definition 4, the taxS of OðT Þ is a
graph linked by semantic relations. The subjects located at upper bound levels toward the root are more
abstract than those at lower bound levels toward the ―leaves.‖ The upper bound level subjects have more
descendants, and thus refer to more concepts, compared with the lower bound level subjects. Thus, in
terms of a concept being referred to by both an upper bound and lower bound subjects, the lower bound
subject has a stronger focus because it has fewer concepts in its space. Hence, the semantic specificity of a
lower bound subject is greater than that of an upper bound subject.
V.SPECIFICITY
1. Local Instance Repository
User background knowledge can be discovered from user local information collections, such as a user’s
stored documents, browsed web pages. The ontology OðT Þ constructed in Section 3 has only subject
labels and semantic relations specified. In this section, we populate the ontology with the instances
generated from user local information collections. We call such a collection the user’s local instance
repository (LIR).
However, many documents do not have such direct, clear references. For such documents in LIRs, data
mining techniques, clustering, and classification in particular, can help to establish the reference, as in the
work conducted by [20], [49]. The clustering techniques group the documents into unsupervised (non
predefined) clusters based on the document features. These features, usually represented by terms, can be
extracted from the clusters. They represent the user background knowledge discovered from the user LIR.
VI. WEB INFORMATION GATHERING SYSTEM
The information gathering system, IGS, was designed for common use by all experimental models This
model was the implementation of the proposed ontology model. The input to this model was a topic and
the output was a user profile consisting of positive documents (Dþ) and negative documents (D_). Each
document d was associated with a supportðdÞ value indicating its support level to the topic. were also
extracted and encoded as the semantic relations of is-a, art-of and related-to in the WKB,respectively . The
authors played the user role to select positive and negative Subjects for ontology construction, following
the descriptions and narratives associated with the topics. On average, each personalized ontology
contained about 16 positive and 23 negative subjects. For each topic T , the ontology mining method was
performed on the constructed OðT Þ and the user LIR to discover interesting concepts The user LIRs were
collected through searching the subject catalog of the QUT library by using the given topics. The catalog
was distributed by QUT library as a 138 MB text file containing information for 448,590 items. The
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information was pre-processed by removing the stop words, and stemming and grouping the terms.
Librarians and authors have assigned title, table of content, summary, and a list of subjects to each
information item in the catalog. These were used to represent the instances in LIRs. The semantic relations
of is-a and part-of were also analyzed in the ontology mining phase for interesting knowledge discovery.
VII .CONCLUSIONS AND FUTUREWORK
The model constructs user personalized ontologies by extracting world knowledge and discovering user
background knowledge from user local instance repositories. An ontology model is proposed for
representing user background knowledge for personalized web information gathering. In evaluation, the
standard topics and a large test bed were used for experiments. The model was compared against
benchmark models by applying it to a common system for information gathering. The experiment results
demonstrate that our proposed model is promising. A sensitivity analysis was also conducted for the
ontology model.
Here In this observation, we found that the combination of global and local knowledge works better than
using any one of them. In addition, the ontology model using knowledge with both is-a and part-of
semantic relations works better than using only one of them. When using only global knowledge, these
two kinds of relations have the same contributions to the performance of the ontology model. While using
both global and local knowledge, the knowledge with part-of relations is more important than that with isa. The proposed 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. In our future work, we
will investigate the methods that generate user local instance repositories to match the representation of a
global knowledge base. The present work assumes that all user local instance repositories have contentbased descriptors referring to the subjects, however large volume of documents existing on the web may
not have such content-based descriptors. For this problem, strategies like ontology mapping and text
classification/clustering were suggested. These strategies will be investigated in future work to solve this
problem. The investigation will extend the applicability of the ontology model.
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