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Abstract: Ontology specifies a standardized representation of knowledge as a set of concepts and the relationship 

between those concepts. Ontology is also used to represent user profiles in personalized web information 

gathering. In personalized web information gathering system ontologisms are used to represent user profiles for 

the description of the knowledge. Many models use knowledge from either a global knowledge base or from a user 

local instance repositories for representing the user profiles. In this work a personalized ontology model was 

implemented for the representation of knowledge and interpretation over user profiles. This ontology model 

learns construction of user profiles from both a world knowledge base and user local instance repositories. This 

ontology model was evaluated by comparing it with the models like Text Retrieval Conference. The results finally 

will prove that this ontology model is successful. 

Keywords: ontology, information retrieval, repositories, Knowledge Base. 

I. INTRODUCTION 

The information available [1] on the web has increased significantly. Therefore gathering useful information has become 

a difficult task for the users. But the available web information gathering systems provide information to the users by 

satisfying user requirements. They attempt to satisfy the user requirements by collecting user information needs. User 

profiles are created for this purpose and describe user background knowledge. Each user possesses a concept model and 

user profiles are used for representing such concept models. These concept models are generated from the user 

background knowledge. These concept models were not been proved in laboratories and it was observed by many 

ontologists in user behavior. A user can judge a document by reading it and they can easily determine whether it is of 

their interest or not. A user can judge a document by their concept models.  The user profiles can be built if a user’s 

concept model was simulated. 

In the personalized web information gathering in order to simulate user concept models, knowledge description 

and formalization model called ontologisms are utilized. These ontologisms are called ontological user profiles or 

personalized ontologisms. Many researchers attempted to find out the user background knowledge through global or 

local analysis techniques to represent user profiles. In global analysis existing knowledge bases are used for user 

background knowledge representation. Existing knowledge bases include generic ontologisms such as WordNet, 

thesauruses such as digital libraries and online knowledge bases Wikipedia. For representing user background 

knowledge global analysis techniques produce effective performance. Local analysis investigates user local information 

or observes user behavior in user profiles. In some works users were provided with a set of documents and asked for 
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relevance feedback. User background knowledge was then discovered by the feedback. Because local analysis 

techniques depend on either data mining techniques or classification techniques for knowledge extraction, local analysis 

techniques suffer from ineffectiveness at capturing user knowledge. The global and local analysis techniques are 

integrated together with in a hybrid model for better discover and representation of user background knowledge. 

Therefore the knowledge present in the global knowledge base will constrain from the user local information.  The world 

knowledge and local instance repository are used in the ontology model. World knowledge is defined as commonsense 

knowledge acquired from users experience and education. The local instance repository is a personal collection of user 

information items. Construction of personalized ontologies can be done from world knowledge base by adapting user 

feedback on interested knowledge. 

II. Related Work 

 Researchers attempt to satisfy the user requirements by collecting user information needs. This has become a 

problem to gather useful information from the web. The research contributes to knowledge engineering, and has the 

potential to improve the design of personalized web information gathering systems. The contributions are original and 

increasingly significant, considering the rapid explosion of web information and the growing accessibility of online 

documents.  Global analysis techniques use knowledge from the available knowledge bases for user background 

knowledge representation. But the global analysis is limited by the quality of the database. The results generated from 

the local analysis suffers from noisy, therefore they depend on data mining or classification techniques. In order to 

provide solution for this problem an ontology model is developed which combines both global analysis and local 

analysis techniques together for discovering and representing the knowledge. Ontology model simulates users’ concept 

models by personalized ontologies and improves the performance of web information gathering by using ontological 

user profiles. 

The rest of the paper is organized as follows: Chapter III contains the literature survey, Chapter IV discusses algorithm, 

Chapter V Existing system, VI proposed System design, Chapter VII result analysis and Chapter VIII contains the 

conclusion and future work and Chapter 1 contains references. 

III. LITERATURE SURVEY 

Many models designed user profiles for the simulation of user concept models uses knowledge either from global 

knowledge base or from a user local instance repositories. 

 ZhiqiangCai et al. [2] introduces a new algorithm for calculating semantic similarity within and between texts. 

They refer to this algorithm as NLS, for Non-Latent Similarity. This approach makes use of a Second Order similarity 

Matrix (SOM) based on the cosine of the vectors from a first order matrix. This first order matrix (FOM) could be 

generated in any number of ways. They question regarded the ability of NLS to predict word associations. They 

compared NLS to both Latent Semantic Analysis (LSA) and the FOM. Across two sets of norms, they found that LSA, 

NLS, and FOM were equally predictive of associates to modifiers and verbs. 

 Chirita et al. [3] proposes improvement of Web queries by expanding them with terms collected from each 

user’s Personal Information Repository, thus implicitly personalizing the search output. They introduce five broad 

techniques for generating the additional query keywords by analyzing user data at increasing granularity levels, ranging 

from term and compound level analysis up to global co-occurrence statistics, as well as to using external thesauri. Their 
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extensive empirical analysis under four different scenarios shows some of these approaches to perform very well, 

especially on ambiguous queries, producing a very strong increase in the quality of the output rankings.  

 AnHai Doan et al.[4]  describe GLUE, a system that employs machine learning techniques to find such 

mappings. They give well-founded probabilistic definitions to several practical similarity measures, and show that GLUE 

can work with all of them. This is in contrast to most existing methods, which deal with a single similar measure. 

Another key feature of GLUE is that it uses multiple learning strategies, exploits a different type of information either in 

the data instances or in the taxonomic structure of the ontologies. To further improve matching accuracy, they extend 

GLUE to incorporate commonsense knowledge and domain constraints into the matching process. For this purpose, they 

show that relaxation labelling, a well-known constraint optimization technique used in computer vision and other fields, 

can be adapted to work efficiently in their context. Their approach is thus distinguished in that it works with a variety of 

well-defined similarity notions and that it efficiently incorporates multiple types of knowledge. They describe a set of 

experiments on several real-world domains, and show that GLUE proposes highly accurate semantic mappings. 

 Risto Gligorov et al.[5] proposes definition for estimated mappings between concepts. A mapping between two 

concepts is divided into a number of sub mappings, and a sloppiness value finds the fraction of these sub mappings and 

that can be overlooked when establishing the mapping. A problem with that definition is that it will slowly allow 

mappings between any of the two arbitrary concepts, by increased carelessness value. They designed a heuristic 

weighting to minimize the sloppiness needed to conclude attractive matches, and maximize the sloppiness values 

required for unattractive matches. These results can be formulated by experimentally validating the musical genres 

domain. They also show that the musical genre suffers from fuzzy concepts. They take two real-life hierarchies from the 

web and validate the results with a hand craft Gold Standard and it makes use of large amount of knowledge that is 

present in the current Web, and marks this knowledge as a measure for establishing estimated mappings between unclear 

concepts. 

 J. Jansen et al.[6] analyzed transaction logs of a set of 51,473 queries posed by 18,113 users of Excite, a major 

Internet search service. They provide information on:  

(i) queries - the measure of search words and the use of intelligence and modifiers.      

(ii) sessions – changes in queries during a period of time, no of pages read, and use of relevant feedback.                                                                         

(iii) terms - their rank/frequency distribution and the most highly used search terms. Common mistakes are also 

observed. Implications are discussed. 

 Xing Jiang and Ah-Hwee Tan [7] suggested a novel system called CRCTOL for digging the rich semantic data 

in the form of ontology from domain-specified text documents. By using a full text parsing technique and incorporating 

both statistical and lexico-syntactic methods, the knowledge extracted by their system is more concise and contains a 

richer semantics compared with alternative systems. Quantitative evaluation, by comparing with a state-of-the-art 

ontology learning system known as Text-To-Onto, has shown that CRCTOL produces much better precision and recall 

for both concept and relation extraction, especially from sentences with complex structures. 

 John D et al.[8]  propose an automatic learning method which trains an ontology with world knowledge of 

hundreds of different subjects in a three-level taxonomy covering all the documents offered in their university library. 

They then mine this ontology to find important classification rules, and then use these rules to perform an extensive 
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analysis of the content of the largest general purpose internet search engines in use today. Instead of representing 

documents and collections as a set of terms, they represent them as a set of subjects, which is a highly efficient 

representation, leading to a more rhardy description of knowledge and a drop of synonymy.     Raymond Lau et 

al.[9] contributed an illustration of a novel concept map generation mechanism which is underpinned by a fuzzy domain 

ontology extraction algorithm. The proposed mechanism can automatically build concept maps based on the text posted 

to online discussion forums. Their initial experimental results reveal that the accuracy and the quality of the 

automatically generated concept maps are promising. Their research work opens the door to the development and 

application of intelligent software tools to enhance e-Learning. To their best knowledge, the work presented in this paper 

demonstrates the first application of fuzzy domain ontology extraction method to facilitate adaptive e-Learning. 

 Lee et al.[10] present a cluster based resampling method to select better pseudo-relevant documents based on 

the relevance model. The main idea is to use document clusters to find dominant documents for the initial retrieval set, 

and to repeatedly feed the documents to emphasize the core topics of a query. Experimental results on large-scale web 

TREC collections show significant improvements over the relevance model. For justification of the re sampling 

approach, they examine relevance density of feedback documents. A higher significance weight will produce in 

prominent retrieval efficiency, eventually approximating true association feedback. This verdict shows that the 

prescribed process is efficient for pseudo-relevance feedback. 

 Yuefeng Li and Ning Zhong [11] propose an abstract Web mining model for extracting approximate concepts 

hidden in user profiles on thesemantic Web. the theoretical Web mining design factors information on user profiles by 

using an ontology which consists of both“part -of” and “is-a” relations. They also describe the details of using the 

abstract Web mining model for information gathering. In thisapplication, classes of the ontology are represented as 

subsets of a list of keywords. An efficient filtering algorithm is also developed tofilter out most non relevant inputs. 

 Yuefeng Li and Ning Zhong [12] present a novel approach for providing satisfactory structures for mining Web 

user profiles problem. The objective of the strategy is to automatically identify ontologies from result sets in order to 

produce full concept models for Web user information needs. 

 Middleton et al. [13] explore a novel ontological approach to user profiling within recommender systems, 

working on the problem of recommending on-line academic research papers. Their two experimental systems, Quickstep 

and Foxtrot, create user profiles from unremarkably monitored behavior and relevance feedback, representing the 

profiles in terms of research paper topic ontology.  Two small-scale experiments, with 24 subjects over 3 months, and a 

large-scale experiment, with 260 subjects over an academic year, are conducted to evaluate different aspects of their 

approach. The overall performance of their ontological recommender systems are also presented and favorably compared 

to other systems in the literature.  

 Stephen Robertson and Ian Soboroff [14]propose a TREC-11 filtering track. The TREC–11 filtering track 

counts the capability of things to build persistent user description which successfully separate relevant and non relevant 

documents in an incoming stream. It consists of three major subtasks: adaptive filtering, batch filtering, and routing. This 

report describes the track, presents some evaluation results, and provides a general commentary on lessons learned from 

this year’s track. 

 Satoshi Sekine and Hisami Suzuki [15] praposed a method for gathering ontological data using search query 

logs. They first use query logs to identify important contexts associated with terms belonging to a semantic category; 

they then use these contexts to harvest new words belonging to this category. Their experiment on selected streams 

shows that the method works good to achieving 85% to 95% accuracy in categorizing newly acquired terms. 
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 Ahu Sieg et al.[16] present an approach to personalized search that involves building models of user context as 

ontological profiles by assigning implicitly derived interest scores to existing concepts in a domain ontology. Their 

experiments show that re-ranking the search results based on the interest scores and the semantic evidence in an 

ontological user profile is effective in presenting the most relevant results to the user. 

 Sugiyama et al.[17] suggestsed many methods to adapt search results according to each user needs for similar 

knowledge without any effort, and then verify the effectiveness of their proposed methods. Experimental results show 

that search systems that adapt to each user’s preferences can be achieved by constructing user profiles based on modified 

collaborative filtering with detailed analysis of user’s browsing history in one day. 

 Tran et al.[18] present an approach for translating keyword queries to DL(Description Logic) conjunctive 

queries using background knowledge available in ontologies. They present an implementation which shows that this 

interpretation of keywords can then be used for both exploration of asserted knowledge and for a semantics-based 

declarative query answering process.  

IV. ALGORITHM 

 Ontology mining discovers interesting and on-topic information from the concepts, denotative relations, and 

occurrences in the ontology. In this, an ontology mining method Specificity and Exhaustivity is introduced. Specificity 

describes a subject’s focus on a given topic. Exhaustivity 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.The subject’s specificity has 

two focuses:  

 On the referring-to concepts (called semantic specificity). 

 On the given topic (called topic specificity). 

Algorithm Explanation 

Input: a personalized ontology 𝑂 𝛵 : =  tax𝑠 ,rel ; a coefficient 𝜃 between (0, 1). 

Output: spe
𝛼
 𝑠 applied to specificity 

1. set k=1, get the set of leaves 𝑆0fromtax𝑠, for  𝑠0𝜀𝑆0  assignspe
𝛼
 𝑠0 =k; 

2. get 𝑆 ′ which is set of leaves in case we remove the node 𝑆0and the related edges from tax𝑠 

3. if (𝑆 ′==𝜑) then return; 

4. for each 𝑠1𝜀𝑆 ′ do  

5.  If  isA 𝑠′ ==𝜑  then spe1𝛼  𝑠 ′ =k; 

6.else spe1𝛼  𝑠′ =𝜃𝑥min spe
𝛼
 𝑠 ∨ 𝑠𝜀isA 𝑠 ′  ; 

7.  If (partOf 𝑠 ′ ==𝜑) then spe2𝛼  𝑠′ =k; 

8. else spe2𝛼  𝑠′ =

𝛴
𝑠𝜀partOf 𝑠′ 

spe𝛼  𝑠 

 partOf 𝑠′  
; 

9. spe
𝛼 𝑠

′ = min  spe
𝛼1 𝑠

′ , spe2𝛼  𝑠′  ; 

10. end 

11. k=kx𝜃, 𝑆0 = 𝑆0 ∪ 𝑆 ′ go to step 2. 
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 The grammatical specificity is examined based on the structure of 𝑂 𝛵 derived from the world knowledge 

base. The strength of such a focus is influenced by the subject’s locality in the taxonomic structure tax𝑠 of𝑂 𝛵 . The 

subjects located at upper bound levels toward the root are more abstract than those at lower bound levels toward the 

“leaves.” Thus, in terms of a concept being referred to by an upper bound and lower bound subjects, the lower bound 

subject has a stronger focus because it has fewer concepts in its space. The semantic specificity is measured based on the 

hierarchical semantic relations held by a subject and its neighbors intax𝑠. Because subjects have a fixed locality on the 

tax𝑠of 𝑂 𝛵 semantic specificity is also called absolute specificity and denoted byspe
𝛼
 𝑠 . If the search subject is at the 

leaves then simply return the absolutely specificity. If the subject is not at the leave then the lowest absolute specificity 

of the child will be sent to the parent if the parent and child are having the semantic relation isA. If the child and parent 

are having part of semantic relation then sum of semantic specificities of all the child nodes will be return to the parent. 

If both child and parent are having isA and part of semantic relations then minimum specificity will be returned to 

parent. 

V. SYSTEM DESIGN 

Existing System: TREC (Text Retrieval Conference) Model: The TREC model was used to illustrate the interviewing 

user biographies, which matched user concept models perfectly. The TREC user profiles absolutely speculated the users’ 

special businesses, as the proper recommendations were implemented by the same people who designed the issues as 

well, following the fact that only users have the knowledge about their likes,dislikes and preferences perfectly. 

Category Model: This model demonstrated the non-interviewing user profiles, a user’s interests and preferences are 

described by a set of weighted subjects learned from the user’s browsing history. These categories are mentioned with 

the semantic association of super class and subclass in ontology. When an OBIWAN agent receives the search results for 

a given topic, it filters and re-ranks the results based on their semantic similarity with the subject.The similar documents 

are granted and re-listed raised on the result list. 

Web Model: The web model was the implementation of typical semi interviewing user profiles. It acquired user outlines 

from the network by operating a web search engine. The feature words pointed to the exciting notions of the topic. The 

noisy terms pointed to the incomprehensible or obscure concepts. 

Proposed System: The world knowledge and a user’s local occurrence repository (LOR) are used in the suggested 

model.                                                          

1) World knowledge is general spirit intelligence gained by people from involvement and literacy. 

2)  An LIR is a user’s special selection of data items. From a world knowledge base, personalized ontolisms can be 

constructed by taking user feedback on users interesting knowledge. A multidimensional ontology mining method, 

Specificity and Exhaustivity, is also introduced in the ontology model for analyzing concepts specified in ontologisms.  

The users’ LIRs are then used to discover background knowledge and to generate the personalized ontologisms. 

 Ontology model had better when compared with TREC but has relatively weaker precision performance. 

Because in ontology model constructs user background knowledge from user local instance repositories, but in TREC 

model user background knowledge is constructed by reading and judging documents. The judgments are given by users 
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in TREC model. Therefore the user profiles generated in ontology model are not exact with the user profiles generated in 

TREC model. 

 The Ontology profiles had broad topic coverage. The siginificant analysis of possibly-related topics was 

achieved from the use of the WKB and the huge number of workout documents. Compared to the web data used by the 

web design, the LIRs used by the Ontology model were tested and contained fewer difficulties. As a result, the user 

characterizations obtained by the Ontology design presented beneficial than the web paradigm 

 

SYSTEM DESIGN: A system design is the conceptual model that defines the structure, behavior, and more views 

of a system. An architecture specification is a precise representation and description of a system, designed in a way that 

promotes thinking about the formation of the system which incorporates system elements, the evidently apparent 

properties of those peripherals, the links (e.g. the behavior) among them, and presents a blueprint from which goods can 

be obtained, and systems produced, that will work mutually to complete the overall system. The language for 

architecture description is called the architecture description language.      

          

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.1.1. Architecture of ontology model 

 

The developed ontology model aims to discover user background knowledge and learns personalized ontologies to 

represent user profiles. Fig4.1.1. describes the architecture of the ontology model. The world knowledgebase provides 

the taxonomic structure for the personalized ontology. The user background knowledge is discovered from the user local 

instance repository.  
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VII. RESULT ANALYSIS 

The experiments are conducted on different models with the input data sets. The experimental results show that the 

developed ontology model has better performance compared to the bench mark models like TREC model, web model 

and category model.  

Table 7.1 Values for11 SPR Test 

TREC WEB CATEGORY ONTOLOGY 

0.52 0.47 0.40 0.50 

0.53 0.48 0.41 0.51 

0.53 0.47 0.39 0.52 

0.51 0.45 0.38 0.50 

0.49 0.43 0.38 0.48 

0.45 0.41 0.37 0.46 

0.41 0.40 0.35 0.44 

0.38 0.37 0.34 0.42 

0.35 0.34 0.31 0.38 

0.30 0.30 0.21 0.35 

 

 The performance of the experimental models was measured by three methods: the precision averages at 11 

standard recall levels (11SPR), the mean average precision (MAP), and the F1 Measure. These are modern methods 

based on precision and recall, the standard methods for information gathering evaluation. Precision is the ability of a 

system to retrieve only relevant documents. Recall is the ability to retrieve all relevant documents. An 11SPR rate is 

measured by summing the intercalated precisions at the stated reminiscence halt point, and then dividing by the number 

of topics: 

 

 Precision𝜆

𝑁
 𝜆= {0.1, 0.2…, 1.0} 

 Where N denotes the number of topics, and 𝜆indicates the cutoff points where the precisions are interpolated. 

At each 𝜆 point, an average precision value over N topics is calculated. These average accuracies then connect to a hook 

representing the recall-precision achievement. The experimental 11SPR results are plotted in in Fig. 7.1, where the 

11SPR curves show that the Ontology model was the best, followed by the TREC model, the web model, and finally, the 

Category model. 

 

VIII. CONCLUSION AND FUTURE WORK: 

 In this work, an ontology model was implemented for representing user background knowledge for personalized 

web information retrieving.  In evaluation, the standard topics and a large test data were used for experiments. The model 

was analyzed on benchmark models by employing it to a common system for knowledge learning. The research results 

illustrate that the improved model is capable. A responsiveness review was also carried out for the ontology model. In 

this investigation, the result is that the combination of global and local knowledge works better than using any one of 

them. In addition, the ontology model using information with both is-a and part-of denotative associations serves bigger 
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than using only one of them. The implemented ontology model provides a solution to combine global and local 

knowledge in a single computational model. The conclusion in this work can be applied to the design of web information 

gathering systems. This model contributes a major part in the fields of web intelligence, recommendation systems, 

information retrieval and information systems. 

 In future work the investigation will continue for finding the methods that are capable of generating user local 

instance repositories to match world knowledge base representation. The existing work reflects that every user historical 

situation closets have content-situated descriptors belonging to the materials, however, a massive quantity of documents 

living on the web may not have such content-based descriptors. For this problem strategies like ontology mapping and 

text classification or clustering were suggested. These strategies will be investigated in future work to solve the problem. 

The research will enlarge the applicability of the ontology model to the majority of the extant web records and improve 

the contribution and importance of the present work. 
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