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 Information retrieval (IR) has become an active area of research in recent years to 
handle with the dynamic environment by establishing intelligent systems which can 
offer effective web content in real time to various wired or wireless devices. 
Evolutionary and adaptive systems (EASs) have been widely used. Web information 
gathering has been widely investigated and a number of approaches have been 
proposed to carry out web information gathering in an effluent way. In such systems 
ontology has been expected to have a bright future. In order to represent user profiles in 
personalized web information gathering several ontology models is widely used. These 
models are used for representing and reasoning over user profiles. To further improve 
the overall performance of the ontology based information retrieval system, fuzzy 
ontology model has been presented. This Relational based fuzzy clustering ontology 
model learns user profiles from both world knowledge base and user local instance 
warehouse. This ontology model is evaluated by comparing its performance against 
benchmark models in web information gathering. 
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INTRODUCTION 

 
 In recent years, web users are facilitated by free access and dissemination of information, they have the 
challenge of retrieving, filtering, and monitoring the ever-increasing and ever-changing data. Certain problems 
such as size, dynamics, heterogeneity, and lack of central control may obstruct fast and efficient information 
retrieval. The number of documents available on the web is large, distributed and ever- increasing.     
 Due to the ever changing contents of web pages, it is difficult to maintain up-to-date page indices in the 
website (Box, G.E.P., 2005). While the lack of central control permits free flow of information, uncontrolled 
publishing on the web may result in “noisy” information sources. Furthermore, information in the web often 
comes in different formats. For instance, a webpage may contain text documents or graphic images and text 
documents may use different terms for the same concept.  
 Most of the extant search engines present are primarily being used to locate (initial) information sources 
and URL links containing related information or documents that are relevant and of interests to users’ queries 
(Albitar, S., 2010). While traditional search engines facilitate users in determining information sources, the tasks 
of retrieving the appropriate data from the list of recommended URL links and monitoring changes in these 
information sources depend mainly on the users. Therefore, even if users may know where to retrieve the 
necessary information they have to 1) actually visit the website(s) and 2) repeatedly and regularly visit the 
websites to retrieve up-to-date information. While 1) is time consuming, 2) may cause unnecessary Internet 
traffic.  
 Ontology uses concepts and relations to classify domain knowledge (Miyamoto, S., 1990). A number of 
researchers have used ontology to facilitate knowledge extraction, (Baeza-Yates, R. and B. Ribeiro-Neto, 1999) 
but only very few research works have explored depth potential in this domain with different research 
contributions. In the existing approaches, extraction tool look for the online data and extract knowledge that is 
equivalent to the given classification structure. Then this knowledge is given in a machine-readable form that is 
automatically maintained in a Knowledge Base (KB). Knowledge extraction is further improved through a 
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lexicon-based term expansion approach that offer extended ontology terminology. Fuzzy ontology model is 
proposed for knowledge representation and reasoning over user profiles. This fuzzy ontology model learns user 
profiles from both world knowledge base and user local instance database. Narrower and Broader Term 
Relations 
 The  fundamental thing required to construct a fuzzy ontology of expression  is associated with information 
about the relationship among two terms. Especially, utilize the definition of fuzzy narrower  expression relation 
as in (Miyamoto, S., 1990) to take out the fuzzy relations among two terms automatically from a group of text 
documents set. Let C = (a1,a2...an) be a group of articles ai, where each article a = (t1,t2.....tn) is denoted by a set 
of terms tj. Let occur of (tj,a) indicates the happening of tj in article a. The  membership  degree  of  (tj,a) is  
defined  by µoccur (tj,a) = f( |tj|) which  in  common  is  a  function  of  frequency term's  of  occurrence.  In the 
information retrieval neighbourhood, the function f can be viewed as the normalized in document term 
weighting method. Let NT(ti,tj)  indicates that ti is narrower than tj. The membership degree NT(ti,tj) correspond 
to by µNT(ti,tj) is defined by 
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 Where ⊗  is a fuzzy conjunction operator. In present implementation, exploit a binary function for the f 
function so that µoccur(tj,a) = 1 if the occurrence frequency of tj>0, or µoccur(tj,a) = 0 otherwise. To sum equation 
1 into the same equation regardless the selection of fuzzy conjunction operator by means of binary function. Let 
BT(ti ,tj) denote that ti is broader than tj. Because the  notion  of  broader  term  is  fundamentally  the  inverse of  
narrower term notion, the membership value of BT(ti ,tj) is derived from the membership value of NT(ti,tj) as 
follows: 
                             

),(),( ijNTjiBT tttt µµ =                         (2) 
 
A. Fuzzy Ontology Construction: 
 On the whole, the fuzzy ontology building can be grouped into two stages.  
 To generate a full ontology from fuzzy narrower term relations (Ismail, A., M. Joy, 2011).  
 Shortening by removing redundant relations in the second stage. 
 
B. Building Fuzzy Ontology  from Fuzzy Narrower Terms: 
 The fuzzy ontology is built by calculating the membership values two NT relations for each pair of two 
distinct terms (e.g., µNT(ti,tj)). A group of tests is then applied to a chosen NT relation that will be inbuilt in the 
fuzzy ontology (Baeza-Yates, R. and B. Ribeiro-Neto, 1999). The choice at this phase would get rid of 
unnecessary, less significant and not related term relations. For each pair of terms ti and tj can have µNT(ti,tj) and 
µNT(tj,ti) where it is high probable that µNT(ti,tj) ≠ µNT(tj,ti). The  significance  of  both  membership  values  is  
fundamentally equal  so  that  whenever  one  calculates µNT(ti,tj) and µNT(tj,ti )one will get a redundant 
information. Removing the  term  will  not  reduce  the  information communicated  but  will  reduce  by  half  
the  size  of  the  storage required  to  maintain  the  same  amount  of  information. This preserve  the  fuzzy 
narrower  term  relation  that  has  higher membership  value and delete  the  relation with  lower membership 
degree. 
  This decision approach, will select a positive relation if one of the membership values is distant apart from 
the other (e.g., 0.2 and 0.9).  If the  two membership values are  close  to  each  other  (e.g.,  0.8  and  0.9),  the  
approach will select a stronger relation. The removal of unnecessary term relations, lots of potential  
meaningless  information  unharmed  and  this  is point out  by  narrower  term  relations  whose  membership 
degrees  are  very  small  (negative  relation) (Miyamoto, S., 1990). As  a negative term relation may confuse the 
significance of term relations in the  fuzzy  ontology model,  the  more affirmed  NT  relation  between  two 
terms  whose  membership  value  is  small  be supposed to  not  be integrated in the ontology. Applying a cut to 
the stronger term relation can keep out this type of term relation and will also automatically remove unrelated 
terms. Two terms are not related if the membership degree of their relation is zero. 
 
C. Fuzzy Ontology Pruning: 
 In the initial stage of fuzzy ontology construction, the removal of an NT relation is based on an 
investigation between two NT relations produced by  two distinct terms (Buckley, C. and E.M. Voorhees, 2000). 
Though the relation between two terms  in  the  ontology is well-built enough, the resulting ontology is still 
large and may have redundant relations. For instance, the more general terms may still have links to many or 
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1. Definition and Initialization 
• T = { t1,t2,….tm}  is a list of distinct terms extracted from a collection C. 
• 0 ≤  a ≤ 1 is the alpha cut. 
• Ontology = {} is an empty ontology description. 

 
2. First Stage.  For each  ti, tj ∈  T and   ti ≠ tj 

• Calculate µNT(ti,tj) and µNT(tj,ti) using Equation1. 
• Select   NT(tp,tq) subject to 

 (tp,tq)  = arg max{( µNT(ti,tj)  µNT(tj,ti) )} 
 µNT(tp,tq)x or µNT(tp,tq) ≥ x  
 Add { NT(tp,tq) , µNT(tp,tq)} into Ontology 

 
3. Second Stage. For each NT(ti, tj) ∈Ontology 

• Find P = { NT(ti,tm1), NT(tm1,tm2)….NT(ti,tj)} 
• (tp , tq)  = arg min NT {µNT (tm,tn),NT(tm,tn) ∈  P 
• If  µNT (ti,ti) ≤ µNT(tp,tq ) then remove  NT (tj,ti) from the Ontology. 

 
 

approximately all other narrower terms, which many of the links are redundant, they can be indirectly connected 
through intermediate nodes. The second stage of fuzzy ontology creation attempts to reduce the excessive 
relations by conducting an analysis over the  set  of  relations  involving more  than two distinct terms. For each 
µNT(ti,tj) a search procedure is performed to find an indirect path connecting terms  ti and tj. 
 Let P be a set of  NT relations representing the indirect path  for  µNT(ti,tj) and NT (P) represents an alternate 
NT relation of (ti,tj) via the indirect path. The minimum membership value of NT relations in P is called the 
membership degree of  NT(P). The  idea of redundant  information elimination as used during the first  stage  of  
ontology construction can now  be applied  to  determine  whether  or  not  NT(ti,tj) should be removed.  If  P  
for a given NT(ti,tj) exists and NT(ti,tj)  the relation  is  not  stronger  than  NT(P) then  NT(ti,tj)  relation could  
be removed from the  ontology  description. Unlike in the first stage that removes  NT(ti,tj)  whenever  NT(ti,tj) is 
stronger, during the second stage, however, all NT relations in P remain in the ontology description if   NT(ti,tj) 
is stronger than NT(P) . 
 
D. Web Personalization: 
 Web usage mining performs mining on web usage data. The web usage data is a listing of page reference 
data/clickstream data. The behaviour of the web page readers is imprint in the web server log files.  By using the 
sequence of pages a user accesses, a user profile could be developed thus used in personalization (Miyamoto, S., 
1990). With personalization, web access or the contents of web page are modified to better fit the desires of the 
user and also to identify the browsing behaviour of the user can improve system performance, enhance the 
quality and delivery of Internet Information services to the end user, and identify the population of potential 
customers. For this purpose a new clustering based approach is used, the proposed algorithm finds the 
meaningful behaviour patterns extracted by applying efficient clustering algorithm, to the gathered data. It is 
proved that performance of the proposed system is better than that of the existing algorithm. The proposed 
algorithm can provide popular information from web page visitors for web personalization. 
 
Experimental Results: 
 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. Precision is the ability 
of a system to retrieve only relevant documents. Recall retrieves all the relevant documents. An 11SPR value is 
computed by summing the interpolated precisions at the specified recall cut-off, and then partitioning by the 
number of topics: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1: The Algorithm of Automatic Fuzzy Ontology Generation. 
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 Where N denotes the number of topics, and λ indicates the cut-off points where the precisions are 
interpolated (Buckley, C. and E.M. Voorhees, 2000). An average precision value over N topics is computed at 
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each   point. The experimental results are plotted in Fig. 2. It is observed from the figure that the fuzzy Ontology 
model shows best results when compared with TREC model, the web model, and finally, the Category model. 
The MAP is a discriminating choice and recommended for general-purpose information gathering evaluation 
(Miyamoto, S., 1990). The average precision for each topic is the mean of the precision obtained after each 
relevant document is retrieved. 
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Fig. 2: Experimental Results. 
 
 Table 1 also presents the average macro- and micro- Measure results. The   Measure is calculated by 
 
                        2 ×Precision × Recall 
      F1 =                                          (4) 
      Precision + Recall 
 
 Where precision and recall are evenly weighted (Box, G.E.P., 2005). For each topic, the macro-F1 Measure 
averages the precision and recall and then calculates F1 Measure, whereas the micro-F1  Measure calculates the 
F1 Measure for each returned result and then averages the F1 Measure values. The greater F1 values indicate the 
better performance. According to the results, the Ontology model was the best, followed by the TREC model, 
and then the web and the Category models. The statistical tests were also performed for the reliability of the 
evaluation. The percentage change in performance is used to compute the difference in MAP and F1 Measure 
results occurred between the Ontology model and a target model. It is calculated by          
 
                1    N        result tontology  - result ttarget    
%Chg  =                   ∑                                                                                                     X 100%              (5) 
                N   i=1                     result ttarget 
 
Table 1: The MAP and F1 Measure Experimental Results. 

 TREC Web Category Ontology Fuzzy-Ontology 
MAP 0.2901 0.2775 0.2612 0.2886 0.3462 

Micro-FM 0.3559 0.3458 0.3288 0.3622 0.3865 
Macro-FM 0.3875 0.3759 0.3554 0.3941 0.4642 

 
 A larger %Chg value indicates more significant improvement achieved by the Ontology model. Table 2 
presents the average %Chg  results in this test.  
 
Table 2: Significance Test Results. 

Fuzzy 
Ontology vs. 

MAP Macro-FM Micro-FM 
%Chg p-value %Chg p-value %Chg p-value 

TREC 7.66% 0.882 7.00% 0.551 6.69% 0.519 
Web 9.25% 0.026 8.57% 0.006 8.28% 0.005 

Category 20.42% 0.0002 18.40% 0.0001 16.93% 0.0002 
 
 As shown, the Ontology model achieved substantial improvements over other models in the experiments. In 
terms of Student’s paired T-Test, the typical null hypothesis is that no difference exists in comparing two 
models. When two tests produce highly different significance levels (p-value < 0.05), the null hypothesis can be 
rejected, and the significant difference between two models can be proven. In contrast, when two models 
produce nearly equivalent significance levels (p-value > 0.1), there is little practical difference between two 
models. The p-values show that the Ontology model has achieved significant improvement from the web and 
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Category models, and has little practical difference from the TREC model. Based on these, it can conclude that 
the Ontology model is very close to the TREC model and significantly better than the baseline models. These 
evaluation results are promising and reliable.  
 
Conclusion: 
 In this paper, a Relational based clustering ontology model is proposed for representing user background 
knowledge for personalized web information gathering. The model constructs user fuzzy ontologies by 
extracting world knowledge from the LCSH system and discovering user background knowledge from user 
local instance repositories. A multidimensional ontology mining method, exhaustively and specificity, is also 
introduced for user background knowledge discovery. The performance of the fuzzy based ontology model is 
compared with other conventional techniques. It is clearly observed from the results that the proposed fuzzy 
ontology based model provides good results when compared with other approaches. In this investigation, that 
found that the combination of global and local knowledge works better than using any one of them. Moreover, 
the fuzzy ontology model using knowledge with both is- 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 proposed fuzzy ontology model. The proposed fuzzy ontology model offers a 
significant solution to emphasizing global and local knowledge in a simple framework. 
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