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Abstract— The development of search algorithms between web ges is motivated by the “related pages” queries afeb search
engines and web document classification. This papgroposes a method for preserving the relations beieen the concepts by using
genetic algorithm based edge removal algorithm. Thgoal is to provide optimal concept relation graptbased on keywords given
by the user and comparing the solution from well kown traditional keyword search method. The geneti@lgorithm based edge
removal method removes the edges from the conceptlation and generates the keyword relation pair. Th retrieval model is
based on the important factors of the structural etments, which are used to rerank the document retval by the standard
weighting scheme. The structural field weights arecombined with the annotation-weighting scheme to iprove the relevance
measures. The proposed method has been evaluatedWd8GS Science directory collection. Using Jena SR®L query model and
GATE Tool API, the documents can be retrieved fronthe corpora not only based on their textual contenbut also according to
their annotation features and relations. The docurants that are annotated with the concepts are reteved with higher ranking. A
preliminary experiment result shows that the proposd method may generate relevant document in the tank.

Keywords — Semantic Web, Genetic Algorithm, Ontolog, Information Retrieval, Semantic Annotation.

knowledge. The keyword-based retrieval fails toegnate
|. INTRODUCTION information spread over different resources.
With the explosive growth of the World Wide Webeté is In recent years the semantic web has been advoaated
an increasing amount of information resources, bfctv the extension of the current web. The semantic aists to
most are represented as free text. A frequent apprdo achieve better data automation, reuse and inteabpiey
web page representation has been a bag-of-wo[dp The main advantage of semantic web is to ecdan
representation of a document, in which all partsaoweb search mechanisms with the use of Ont0|ogy’5 phtomgy
page are considered to be of equal significancewelter, s a general description of all concepts as wellthesr
unlike other text documents, web pages have certaéflationship. The Resource Description Framewodhé®na
characteristics, such as internal metadata, stalCtyRDF(S)) and Web Ontology Language (OWL) are W3C
information hyperlinks and anchors, which couldveeas recommended data representation models which @ tos
potential indicators of subject content. For exanplords represent the ontology’s [6]. The basic method for
from title could serve as potential indicators afbject constructing the semantic web is to use the terefinet in
content. The degree to which different web pagenefés ontology as a metadata to markup the web’s content.
are indicative of its content is referred to asn'EEigant The classical information models are Boolean mode]
indicator. The technique that determines the ingra¢ of Statistical model, Hyperlink based model [8]. The
different parts of a web page improves the rettieviformation retrieval model does not utilize seniesbf the
performance. Today's web search technologies relyirk queries and document collection. There have beenyma
analysis techniques that exploit the structurehef web to works which emp|oy the semantic web techno]ogies fo
determine the important documents. Because of #gormation and retrieval such as KIM [8]. A vagiebf
limitations of traditional retrieval mechanismsneentional aspects on improving search and ranking documea¢s h
direct keyword based information retrieval techgglo been considered, such as concept based searckwheots
cannot meet the growing user retrieval need withasgic [7]. The research problem of improving relevanceséarch
and ranking of documents requires techniques thasider
the semantic annotation.
lUK.Sridevi is with Sri Krishna College of Engingwy and Over the last three years, a number of semantic toels
Technology, have been developed. Nevertheless, most of thesrdiyr
ZNTEZN nadu, lnd_if;- CSh_e tt:’an be zeathid?V$n?@gmail-9?md available semantic web tools are limited to workyomith
i agvent fs i Combatore Insttute of Tec nalegamiinadu, o, of the semantic web architecture just like REXfitors or
She can be reachedreigaveni pal anisamy@yahoo.com Ontology Editors [11]. The current research fosusa
providing a semantic metadata to enhance the irztom
retrieval and support e-business applications. o#atic
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creation of metadata for web pages resembles #ie dh
semantic annotation in general [10]. A number afaation
tools for producing semantic markups exist Sucts©E,

unanswered. Dublin core annotation mainly descrithes
properties of the document itself without providiog many
details about its content. Ontology based annatatiare

instead developed to describe the content of tfeument
and not its general properties. The manual anmotatif
document is a high cost and error prone task. Teviate
this task, an important effort is currently beingde in

Protégé, OntoAnnotate, MnM [8]. There are sevess¢arch
projects about ontology-based information retrievahe
ontology definition of concepts can be used to descthe

concepts and these concepts will be defined ascandent 5 tomation of document annotation and the resutioisie
class [3]. SEAL [6] was conceived for semantic skanf degree of automation. However there is still sorekvto do
knowledge on the web and also been used for sharipgachieve a complete automation of the annotatiire
knowledge on the web. classical information retrieval model is incapabtd
KIM [8] introduces a holistic architecture ofsupporting logical inference.
semantic annotation, indexing and retrieval forudoents. It In general, most of the work about semantic aniotat
aims to achieve fully automatic annotation andnprove requires some predefined ontology’'s to extractjngetind
search and retrieval by integrating informationrastion relate the annotation. The models of automatic séma
using GATE. Ontology based retrieval model canmnts annotation are ontology driven semantic tagging and
KIM with a ranking algorithm specifically designefdr semantic meta data generation. The automatic senmata
ontology based retrieval model using semantic imdgx data generates meta data that can semanticallyilwedhe
scheme based on annotation weighting techniquesetde content of annotating the page. The generated wmieta
algorithms are generally quite effective for ramtbbal includes ontology by system defining its own sergant
search to find solutions in nondeterministic profde categories or a system relies on some predefinéalogy.
Genetic algorithm method enhances the efficiency aifhe annotation process of a web page is basedrmiaimg
adaptability of a meta searching [9]. The distibit a web page with ontology and adding the relatiogisveen
frequency of keyword improves the identification ah individuals [5]. The ontology-based information rietal
important document based on the query. The newssitgi based on vector space model describes the semantic
measures incorporate the tag structure weightdditian to annotation scheme of KIM platform [2]. It has redise
standard weighting schemes. automatic concept to label mapping available frome t
In this paper, it is proposed that an ontology Has&IMKB [8]. In fully automatic annotation system&kd KIM
retrieval model for the exploitation of domain dotgy’s and architectures support instance identification imeatricted
knowledge bases, to support semantic search innumu predefined ontology model. Ontology based semantic

repositoies. The search system takes advantagataiogy S PV B2 R R0 ETC LT o ions
based semantic annotation and it includes the wsigh 9y 9

among terms by referring to the ontology. Creatntplo
document structure in ranking. The collection otulments g y g 9y tplody

X | . is not an easy task and obviously there is no enizprrect
from USGS Science directory is used as test datdose oniology for any domain. The real quality of ontplacan be
evaluation. The approach combines the structuraghie

assessed only for its use in real application.
with annotation scheme to rank the annotated dootsme
The structural mining approach and probability Ir1las<=A Document annotation

annotation scheme significantly improves the retie b i d of ; di sant
performance especially for the top ranked document. ocument 1S composed of many ferms and importan

. T . words are spread out as documents. The importafice o
Experimental results indicate that combining theuoent p P

) ; . " significance indicators assigned to the web elemdike
structural relevance weight leaned using genegjordhm in title, heading, bold, anchor improves the rankifighe web

ontology based semantic annotation weights imprdhes gocuments. Unlike text documents, web pages hastaice
retrieval performance. characteristics such as structural information,enljpks and
anchors which could serve as potential indicatérsubject

content. The relevance score of the document igyreess

. DEVELOPMENTOFANNOTATION MODELS based on which term is matched and that part ofwiéke

Semantic annotation is about assigning to theiestin Pag€ in which the match is found. The annotatiatess of
the text links to their semantic description. Ataiipn & Web page is done with concepts of the ontolodyerT

provides additional information about Web conteststhat '€lations between individuals are discovered arsaiices
better decision on the content can be made. Ationta &€ added. The document is annotated based on the
ontology tells what kind of property and value typshould following steps using GATE tool.

be used in describing a resource. The need ofceanfpr 1- Creation of ontology based document should be
supporting the usage of domain ontology’s is empdofor preprocessed to obtain semantic annotations. ingex

the annotations. To improve the recognition of intgot the document should be done. _ ,
indexing terms, it is possible to weight the corisegf a 2. Examine the location of the annotated instamcehe
document in different ways. For example, in topidexing, document. , ,
concepts that form semantically related terms, gapre S: 1h€ annotation weights are calculated by comgirthe
weights. Although various annotation systems antheus ~ freéquency and structure weights. _

have been developed, the question of how to easilycost 4. Retrieval of documents related with query aadking
effectively produce quality metadata still remaiasgely the document based on relevance of the query.
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The effective information retrieval using Web stures is document field weight ioc[tfk] for every tag position in

shown in Fig.1. the document and m is the total number of tagshm t
document. If the term annotated with the concept i
particular tags such as <HTML>, <TITLE>, <B> theigla

D A II of the tag is included along with the term weighd is the
Query query weight and WK is the weight of an annotated
document instance. In Eq,(2) the annotation weight

calculated. Ci is the concept weight and n is tttal thumber
of concepts in ontology. The probability of the nter

> Document

Domain

Annotator Ontology Zgncg;ted with a concept using bayes rule is ghyewb in
A 4 5 wdk .
Wb=)» P(——)P(Ci (3)
Ontology based ,2:1: ( Ci JP(C)

retrieval model

Ranked I
Document

In EQ. (4), the score for the document is calcudlatsing the
ranking model that combines the concept frequendythe
probability of encountering an instance.

Fig.1. Ontology based retrieval model Score (d, CI) —\Wdk - Wb (4)
Research in structural weights has suggested using
document structures for document ranking. Genetitng The keyword based analysis collects the set ofvkeys

of HTML structures uses the HTML tag weights to mone or terms that occur frequently together and thewdfithe
the performance of document retrieval system [8fe Term correlation among them. The semantic informatianieeal
that exists in title, bold and anchor tags add meeght to KB has been built and associated to the information
the document than the other terms. The documerievat document base by using domain ontology that desgribe
performance is improved depending on the structugdncepts. The query model can employ to find and
importance of the document manipulate the needful data from the annotated mieots.

B. Semantic Annotation Weights IIl. DEVELOPMENT OF CONCEPT RELATION GRAPH
Web search engines provide advanced features fnatha USING GENETIC ALGORITHM
user can specify how a query is matched with tie of the  |n Semantic Web, RDF is represented in concepthgrap
page, text of the page, URL and links to the paggwhere The query keyword concept and the relations betwizem
in the page. Although it is worthwhile to investigahow are considered when retrieving a web page. In keywo
different matching affects the accuracy of the Einty of pased searching only matching keywords in the dectris
query to the document of retrieval results usirgueights considered and the relation between them is lost.bBsed
[9]. Suppose a document collection on the Semakied is on the keyword and relation pair the relevant pames be
D= {d;, d2..., dn}. The number of occurrences of afetrieved.
instance in a document is primarily defined asrthmber of A concept relation graph G (C, R), where the vegek
times the label of the instance appears in themeat, if the C= {c,, c,,...,c;} and R is the relation between the concept.
document is annotated with instance and zero oteerw The edges represent the number of relationshipeclest the
To extend vector space model to support structteeliing concepts. Suppose that the keywords submittedusgaare
occurrences within each document, a structure nest k;, k,.., k, and that corresponding concept set is C=
included. The weight of &erm in a document is basically{c,,c,,...,c;}. Gy, G,..., G, are the concept relation sub
computed by the classical term frequency and imvergraph of G. Keyword pair is created based on thavieds
document frequency. Term frequency (tf) is the nembf submitted by user. The concept relation sub graph i
times that a term t appears in a document. Ther&v generated based on the minimum edge removal method.
document frequency (idf) is the inverse of documegtaph representation removing an edge from a gnagdns
frequency in the collection that contains term. Sbkeme is fetching a sub graph from a graph [11]. In the imim
defined in Eq.(1) edge of the graph G = (V, E), partition V into disit
subsets U and W such that e (U, W), i.e., the nunale

) i=m edges {(u, we E|ueU, w € W} is minimized.
wk = tfk~|dfk~ZIoc[tfk] (1) A genetic algorithm is applied to find a sub graytthe
i=1 graph based on concept and its relation. Each datlis
Wdk = wk *wq (2)expressed as a chromosome represented as a bij stri

containing as many bits as the number of vertinghé sub
In Eq. (1) wkis the weight ok™ term in the documentfk is graph. The ' bit in a bit string identifies the group into
the frequency of th&" term in document, N is the totalwhich the J' vertex of the graph is placed in the sub graph.
number of documents in the collection adfk is the inverse Fitness refers to the actual rate that an indiVicunals up
document frequency annotated with term. The structural being sampled in contributing to the next generatithe
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fitness value of candidate solution is the totamber of
edges that is connected to different group. Thenat
fithess is the minimum number of edges connectinghe
concepts that are not related to keywords.

Let N be the size of the population. The initiapptation
of size 8 is generated randomly. The genetic algwriuses
crossover and mutation operators to generate fhprofg of
the existing population. Fitness is defined asl tatations,
where a total relation is the sum of relations tt@inects to
the concept nodes that are in different conceptgro The
best fitness is the minimum value of. RThe optimal fitness
chromosome is chosen as the minimal sub graph.Fighe
shows the flowchart for genetic algorithm. Based tba
query, retrieved page result set covers all thaticegis and
arcs in the concept relation sub graph. The fitnedse is
calculated using Eq. (5)

Fitness = count(Rp) 5)
Where R is the total number of relations connected to
different concepts in the graph.

The GAEdgeremoval algorithm is as follows:

Algorithm GAEdgeremoval ()

Input : Incidence matrix of graph G (V, E) and the keysgr

concept.

Generate initial populationsRt random.

Evaluate the fitness of each chromosome Ci;

R, is the total number of relations connected toedéht

concepts in the graph.

Select the best individuals with fitness >= averfigess;

Repeat

Generate offspring by applying crossover and nati

operator on individuals.

Evaluate the fithess according to the fitness fonct

Fitness= count (i}

Calculate the average and maximum fitness for

population

Until (optimal fitness is achieved)

For every edge in the,R

{Include the edge in the concept relation sub graph
Each edge measures the correlation betweenadities;
Insert eachRij € Rp into Keyword relationship set;

}
Output: Return Web page that contains Keyword and
relation pairs generated from sub graph. Thepénty-
keyword pair from concept relation sub graph isegated
based on the GAEdgeremoval algorithm.

Let X and Y be two selected parent chromosomesgtwhi
are represented respectively as follows:

IS

X={x1,x2,....xl),

the

Input: Population Size=30,
Crossover rate(pc=0.6) and
Mutation rate(pm=0.6)

4

Randomly generate
populatior

y

Count the number of
relations between the
concepts and
compute fitness.
Store the best
chromosom.

v

generat!onzl Compute population
eneration for next generation
r'y by applying
crossover and
mutation.
No ¢
| Has

Converge

v

Print the best
individual and
fitness

|

Stop

Yes

Fig.2. Flowchart for Genetic Algorithm

For the initialized offspring, the weight vector§ the

offspring are defined in Eq. (6) and Eq. (7)

=1

(=]

(=]

(6)

Whered is the random number between O to 1 and pc is

the crossover probability.

yl}.

The selected parents produce offspring by crossover
Let Z be the offspring generated:

Z={z1,z2,....,zl}.

W

B

m

(7)

.
i3

FIT

wherea is the random number between 0 to 1 and pm is

the mutation probability.

The crossovers are ranged from 0.5 to 1. The cvesso

used is the arithmetical crossover, which assijasaverage
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of two parents for each location of the offsprinbhe annotation tool plug-in set available in GATE emsba user
mutation operator preserves the diversity among tte manually annotate a text with respect to onemore
population which is very important for the seardfor the ontology’s. The required ontology must be seledtedh a

experiment the mutation are ranged from 0.5 to 0.7. pull-down list of available ontology’s. The documte that
are annotated with the concepts are retrieved idfner

ranking.
IV. RESULTSAND DISCUSSIONS The system takes the query and it is executed stgtia

The environmental science documents collected frdfioWledge base and returns the matching documénts.
USGS repository are annotated using Ontology anis it dU€Ty Weight gives the importance of the condepthe

represented in RDF form using GATE Tool API. Usilena informgtion needed by the user. Several measurels as
SPARQL query model, the documents can be retriénged  Precision and recall are used to evaluate the paefoce of
the corpora not only based on their textual contertalso doc.ument retrieval. Precision is defined as theppmon of
according to their features or annotations. Theacept retrieved documents that are relevant. Recall e as
relation graph generates the minimum edges covetieg the proportion of relevant documents that are eeénl
concept. The documents that are annotated witltdheept
are retrieved with higher rankingThe concepts will be
defined as the document class and some attributeish

TABLE Il
TOP 5 DOCUMENT RANK COMPARISON

describe the document information. The predefinedgeb Document Dpcument rank Ontolog based

ontology described based on USGS Scientific dirgcto Name W'thOUt_ rank with GA

provides the basis for the semantic indexing ofudeents annotation concept

with no embedded annotations. Documents are ammbtat weights relations

with concept instances from the KB by creatinganses of ten 0.0203 0.0246

the annotation class. The semantic informatiorienedi KB nine 0.063 0.0644

has been built and associated to the informatiocuchent second 0.184 0.1911

base by using domain ontology’s that describe tmeepts. first 0.05 0.0581
Documents are annotated with concept instances tinem five 0.084 0.0869

KB by creating instances of the annotation clase Guery

weights can be set by the user or automaticallyveerby The observed results show the different levels of

concept frequency analysis [8]. In order to evalutlte performance for different cases. The semantic méion

model, precision and recall measures are appliggt e retrieval combined with the structural informatinproves
collection of HTML documents from USGS Sciencghe document ranking.

directory, a collection of 20 queries and a coitectof
relevant documents for each query are prepared for
experiment. Table 1 shows the set of sample iefibe
documents were annotated and stored. The GATEisoo Kevword Vs Untology
used for the implementation. The weight for therguerm ) )
is assigned and the query is run against the dotutaken

forms USGS and returns the relevant informationilabke. ——Kevword  —s—Ontology haged
The similarity degree of each document is evaluatsidg -
the ranking model. It shows that weights learnethgis 1

-
.8
0.6 o

TABLE | 04 RN
SAMPLE QUERIES 0 NN

minedrainage:Coal

genetic algorithm with the document annotation has
increased the precision of retrieved documents.

Precision

contaminationpollution:Water Quality ’ ' '
contaminationpollution:Acid Rain U I
content:Water Quality Recall

content:Acid Rain
environmental pollution
toxic

Fig.3. Performance Comparison of Keyword
and Ontology based GA retrieval

Instead of simple keyword index lookup, the sentanti
Once the experimental setting has been madeésted search system processes a semantic query again&Bh
with the IR functionality in GATE. GATE comes withfull-  which returns the relevant document. Better prenisis
featured Information Retrieval (IR) subsystem whisses achieved by using structured document annotatioighte
the most popular open source full-text search engin and genetic algorithm learning the concept relatidiable 1I
Lucene. In Gate IR the documents can be retriéned the shows the performance of retrieval based on keyveord
corpora not only based on their textual content &b with genetic algorithm for the query “minedrainageal”.
according to their features or annotations. Theology The precision and recall comparison of keyword and

145



International Journal of Power, Energy and Artificial Intelligence, December 2009, No.1, Vol. 3, (ISSN: 1985-6431)

Page: 141-146

ontology based retrieval system that uses genlgticitnm is
depicted in Fig.3. Better precision is achieved using
structured document annotation weights learned dnetic
algorithm. Table Il shows the comparison of praxgis

between keyword and genetic algorithm based doctumen

retrieval. The average precision of the top 10 dwents for
keyword retrieval is 0.376 and genetic algorithmsdzh
retrieval is 0.4119. The average precision is iaseel to

10% for the first top 10 documents.
TABLE Il
COMPARISONS OF AVERAGE PRECISION

Average Keyword | Genetic Ratio
Precision | retrieval | Algorithm

based

ontology

annotatiol
Top 10 0.3761 0.4119 1.09519
Top 20 0.1983 0.2074 1.04589
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