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ABSTRACT 

Semantic Web is defined as a structured collection of information, 
which specifies the rules of inferences required to derive a 
specific piece of information from it. Data in semantic web is 
organized in a structured manner, and the relationships clearly 
defined amongst them. The potency of semantic web lies in is its 
capacity to comprehend the meaning of the given data, and 
connect it with other available pieces of information, to produce a 
new set of tangible knowledge. The algorithm developed in the 
paper takes advantage of this property of semantic web, and 
generates clusters of data based on the semantic metadata present 
in them. A system has been proposed to analyze the observations 
of algorithm implementation. The system is studied alongside an 
existing semantic web search engine, to assess the quality of its 
search results. 

Categories and Subject Descriptors 
H.3.3 [Information Storage and Retrieval]: Information Search 
and Retrieval – Search process, Retrieval Models 

General Terms 
Algorithms, Performance, Design, Experimentation, Theory, 
Verification. 

Keywords 
Clustering, Semantic web, mining, vector space, information 
retrieval, document vector, ontological domains 

1. INTRODUCTION 
Conventional retrieval models place greater emphasis on the 
keywords present in the document than the semantic meaning of 
entire data [13]. They read the documents, index the data present 
in them, and cluster them according to the keywords present in 
them. Standard clustering algorithms include hierarchical 
clustering, centroid-based clustering and density-based clustering. 
In most cases, clustering calculates the proximities between the 
documents by taking into account the common keywords in them. 
This often leads to ambiguity since the keywords translate to 
different meanings corresponding to the context in which they are 
used. In the algorithm proposed in this paper, clustering is 

performed according to similarities in meaning of the content. 
Initially document vectors are constructed using the standard 
vector space model. Vector space model was originally proposed 
by Gerard Salton, A Wong and C.S. Yang [2].It is a simple as well 
as an efficient model to index data. In vector space model, the 
documents are represented as vectors. The relevance weight of the 
keywords present in them is calculated using the tf-idf (term-
frequency inverse document frequency) method. 
The weight of any keyword with respect to a document is given 
by: 

W (t,d)= t-f * log(n/t(n)) 

Here, t-f is the term frequency, n is total number of documents 
and t (n) is number of documents in which the term appears.  

The vector space model is effective in offering search results on 
keyword basis, but fails to take into account the semantic nature 
of the data. This often leads to ‘false positives’ or ‘false 
negatives’. This limitation can be handled by creation of 
ontological domain vectors, which is explained in the subsequent 
section. The ontological domain vector comprises of semantic 
information related to a single document. Clusters of documents 
can be prepared by determining vectors with least distances. In the 
IR process developed here, user is offered a choice to drill down 
on his preferred search result. This drill down evaluates the 
closest documents (semantically) to the selected result, and offers 
next set of results accordingly. One advantage of such drill down 
is user can narrow down his search to his topic of interest without 
specifying the topic of interest beforehand. 

This paper initially outlines research advances in the domain of 
ontological based clustering and ranking algorithms. It then 
proceeds to describe the design rationale behind the new system 
and its specifications. Finally, sIRch, the developed system is 
tested against user queries and its performance is evaluated 
alongside an existing semantic web search engine. The paper 
concludes by noting the advantages of the approach used and 
stating its scope of improvement. 

2. LITERATURE REVIEW 
Researchers have carried out substantial amount of work in 
proving that clustering is greatly improved by taking ontology 
into consideration. Hotho et al [3] described the improvements in 
text based clustering method by mapping the terms in the 
document to a set of concepts. William De Luca et al [4] used the 
WordNet ontology to classify the documents into different ‘Sense 
Folders’, proving that ontological classification provided better 
results. The method provides disambiguation information of a 
query with respect to documents of a result set. Aussenac-Gilles [5] 
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also developed an algorithm which performed search within a 
context. The search results were from a hierarchical set of 
concepts extracted from ontology. Controlled vocabulary was 
used here, and documents were clustered according to the 
information space defined by the users. This type of clustering 
would be effective for specialized needs, as the information space 
needs to be defined before clustering. Zhanget al[6]showed that 
‘re-weighting’ the words in a vector to find semantically similar 
core words yields better results on PubMed document sets. 
Exploiting the semantic metadata has always shown to generate 
better clusters, with documents of similar meaning grouped 
together. A need was felt by us to develop an algorithm which 
would work on any data set and offer search results through 
semantic analysis. Also, the search results should be accurate and 
fast enough for practical purpose. The work carried out by us is 
primarily focused on creation on ontological vectors for each 
document, which represent the concepts and social contexts 
extracted from the document. Clustering is as a result of 
calculations upon these vectors. A system has been proposed 
which implements the developed algorithm to generate efficient 
search results. The principles of the system can be applied to any 
information retrieval systems without modifications.  
 

3. PROBLEM DESCRIPTION 
A system is to be designed which clusters data based on semantic 
analysis and ranks them accordingly. The algorithm developed 
should work with any kind of data set and provide swift search 
results. Primary aim in developing the system is to offer 
semantically relevant results. In this paper, an effort is made to 
develop a system which would offer high quality semantically 
relevant search results. The developed algorithm is implemented 
on top of vector space model. 
 

4. PROPOSED SYSTEM 
4.1 Requirements 
A system which would offer semantically relevant results by 
clustering the documents on the basis of ontological information 
present in them. The response time of the system should be small 
enough for practical use and it should not restrict itself to result 
set of any particular domain. Foremost step in satisfying this 
requirement is creation of ontological domain vectors of each 
document. 

4.1.1 Generic domain vector equation 
Ontological domain vector constitutes the main part of the 
clustering process in our algorithm. For each document, a vector 
describing its metadata is constructed. Semantic metadata 
extraction from a piece of data yields the following information: 

1. Ontological Domain Information 
2. Social Contexts/Topics present in the document 

The ontological domain information highlights the broad domains 
in which the document falls. Social contexts or topics are the 
numerous subjects which are covered in the document. 

A Web-service (OpenCalais) [7] is used to extract the semantic 
metadata from a document. Document ontology domain vector is 
constructed on the basis of this data. 

For example, a document containing an article of networking 
device ‘router’ contains the following semantic metadata, as 
shown in Table 1:  

 

Table 1. Semantic information extracted from a document 
containing data about ‘router’ 

Type Term 

Domain Technology Internet 

Topic Computing 

 

Topic Network architecture 

 

Topic Computer networking 

Topic Open Shortest Path First 

 

Topic Routing table 

Topic Server appliance 

 

Topic Router 

 

Topic Networking hardware 

 

Topic Internet protocols 

 

 

The domain ‘Technology Internet’ summarizes the entire meaning 
of the document under its domain. Different topics which are 
covered in the document can be condensed into terms such as 
‘Networking hardware’, ‘Internet Protocol’. 

The vector of any document could be generically specified as: 

 (3ሬሬሬԦݐ.2ሬሬሬԦ + … + zݐ.1ሬሬሬԦ + qݐ.p) + 1ሬሬሬሬሬԦ = (a.݀1ሬሬሬሬԦ + b.݀2ሬሬሬሬԦ +…. + n.݀݊ሬሬሬሬሬԦ)ܦ

 ሬሬԦ + ሬܶԦܦ =       

Where݀1ሬሬሬሬԦ,݀2ሬሬሬሬԦ,݀݊ሬሬሬሬሬԦ are ontological domains and a, b, c are the 
weights associated with them. 1ݐሬሬሬԦ, 2ݐሬሬሬԦ, ݊ݐሬሬሬሬԦ are the topics, and p, q, t 
their respective weights. ܦሬሬԦand ሬܶԦ are generic vectors representing 
the ontological domain and topic of the document. For example, 
according to the semantic information extracted, the ontological 
domain vector for a file containing content about ‘Cisco’ would 
be – 

 ( 6ሬሬሬԦݐ.5ሬሬሬԦ + vݐ.4ሬሬሬԦ + uݐ.3ሬሬሬԦ + sݐ.2ሬሬሬԦ + rݐ.1ሬሬሬԦ + qݐ.p) + 1ሬሬሬሬሬԦ = (a.݀1ሬሬሬሬԦ + b.݀2ሬሬሬሬԦ)ܦ

Where ݀1ሬሬሬሬԦ is domain ‘Technology Internet’, ݀2ሬሬሬሬԦ is domain 
‘Business Finance’,1ݐሬሬሬԦ is topic ‘Computer Networking’ and so on. 

The proximity or nearness between any two documents can be 
calculated by taking the dot product of two documents’ vectors: 

.1ሬሬሬሬሬԦܦ  2ሬሬሬሬሬԦܦ

Two different types of vector constitute any single document’s 
vector (domain and topic); the dot product would also yield two 
types of numeric values: 

 a.ܦሬሬԦ + b. ሬܶԦ 

An ontological domain would be a highly generalized term which 
would have many topics under it. Since the ontological domain is 
superset of the topics in the above vectors, the ܦሬሬԦ in the result is 
given precedence over the ሬܶԦ. A dot product with high value of the 

624



d
w

4
T
c
w

T

  

T
e
a
e
u

T
c

  

E
th
o
d
s
to

  

In
f
c
b
 
T
s
T
p
c
 

4
A
p
p
e
d
th
f
o
th
th
 

4
s
s
is
d
d
2
th
fu
s
s

domain coefficie
with lower doma

4.1.2 Vector 
The value of we
calculated using
weights is describ

 = (a.  + b.

The value of coe

              p=∑ (K

This weight as
evolutionary algo
an appropriate t
example ‘bill’ ca
upon its relative u

The value of co
calculated as: 

              a= ∑ (T

Each of the topi
he piece of in

ontological dom
document can sim
specific domain’
o determine the 

              a= ∑ (T

n above formula
fall in the dom
calculated in the
below, the value 

The weight of top
significance of t
This can be det
performed. Topi
can be used in de

4.2 Design R
A data set is firs
performed. Wiki
purpose due to d
end of simulatio
designed using J
he document da

form of vectors 
offers the power
he front end. D
he next section. 

4.3 Theoret
sIRch system is 
search engine to 
s developed in J

document datase
dump. The datab
27GB, which ren
he Java DOM

functionality wh
size of the file a
single XML file 

ent denotes a gre
ain coefficient an

weight calcu
eights associate

g different meth
bed below. For e

 +…. + n. ) 

fficient ‘p’ can b

Keywords which

ssignment wou
orithm [8], since 
topic is a subj

an be grouped un
usage in the doc

oefficient ‘a’ o

Topics of  ) 

ics (or social co
nformation can

main. The weig
mply be calcula
s topics present
domain weights

Topics coefficien

a, the topics con
ain, and the to
e previous sect
of coefficients i

pic coefficients 
the topic in con
termined while 
ic segmentation
eriving topic coe

Rationale 
st selected on wh
ipedia database d
diverse nature of 
on is developed 
JSP Servlets. RE
ata to the web s

is stored in th
rful feature of r
etailed descripti

tical founda
designed to ind
effectively quer

Java, with Oracle
et used for inde
base dump consis
nders it unsuitab

M parser. SAX
hile dealing with
also made this m

was subsequent

eater proximity t
nd higher topic c

lation 
ed with any dom
hods. One meth
example,  

+ (p.  + q.  +

be calculated as:

h can grouped un

uld have to b
the keyword cat
ective process. 

nder ‘person’ or 
cument. 

of ontological d

ontexts) which a
n be grouped 
ght of any dom
ated by adding th
t in the documen
s can be: 

nts)/ Number of

nsidered are the
opic coefficients
ion. In the sim
is set as 1 by def

can be derived b
ntext to the par
semantic metad

, in natural lan
efficients. 

hich the clusteri
dump[9] has been

f information ava
using Java, and

EST APIs are use
service. The sem
he Oracle 11g d
rendering Java f
ion of the syste

ation of sIRc
dex the docume
ry it. The back 
e 11g as the data
exing is the W
sts of a single X
ble for loading i

X parser API 
h large XML fi

method unreliabl
tly divided into 

than a dot produ
coefficient. 

main/topic can b
hod of calculatin

+ … + z. ) 

: 

nder ) 

be based on a
tegorization und

A keyword, f
‘price’ dependin

domain can b

are extracted fro
under a broad

main found in 
he number of th
nt. One more w

f Topics 

e only ones whi
s are the weigh

mulation describ
fault. 

by interpreting th
rticular documen
data extraction 

nguage processin

ing and ranking 
n selected for th
ailable on it. Ba
d the front end 
ed in Java to sen
mantic data in th
database. Servle
functionality on
m is explained 

ch  
nts and provide
end of the syste
abase. The samp

Wikipedia databa
XML file of aroun
it into memory b

offers enhanc
iles, but the hug
e. As a result, th
smaller text file

uct 

be 
ng 

an 
der 
for 
ng 

be 

om 
der 

a 
hat 
ay 

ch 
hts 
ed 

he 
nt. 
is 

ng 

is 
his 
ck 
is 

nd 
he 
ets 
nto 
in 

e a 
em 
ple 
ase 
nd 
by 
ed 
ge 
he 
es, 

which 
task, a 
used fo
1.6.Ind

a.

b.

c.

d.

e.

The ind
by the
comple
for dom
semant
natural 
succeed
the for
product
values 
average

F

 

The ab
a cond
the last
in a par
‘IC 28
classifi
IDs of 
this ste
the othe
then sto
process
denotes
proxim
model 
individ

The alg

could be easily
software written

or development i
dexing steps in cr

read_file(f) –

Separate_arti
different artic

∑ Create_fo
article, create
information.

∑ Create_re
indices into
reverse indic

Calculate_we
words. The 
separately at 
change when
weights after
be a more pra

dexing procedur
e domain cluste
etely from the fil
main and topic 
tic metadata for 

language proce
ded by vector cr
rm of a vector. 
t of two vector
can be said to 

e running instanc

Figure 1. A runn

ove depiction sh
ensed manner. T
t article in the fil
rticular file are r

89’ is sent to 
ication. This step
the domains/top

ep. Dot product o
er vectors stored
ored in a separat
s. The line ‘Ca
s the product cal

mity calculation, d
are created. T

dual file’s operati

gorithm for the b

a. Read the

b. Read the

c. If new a

y read by the Ja
n in Ruby called
is NetBeans 7.0.
reating the vecto

– Read file f. 

icles(f) – Divi
cles present in it

orward_index[a(i
e a forward ind

everse_index[a(i
the common 

es.  

eight() - calcula
weight calculati
the end, and on

n any new file 
r all the files ha
actical option. 

re in the propos
ering of data. 
le, it is sent to th

extraction. The
the submitted 

essing and mac
reation – storing 

Clustering is d
rs. The docume
be similar and 
ce of back-end l

ning instance o

hows the workin
The article on ‘
le being currentl
read, the first pi
the web servic
p ends in creatio
pics returned. C
of the newly cre
d in the database
te table for swif

alculating Proxim
lculation of the 
document vector
The weight is 
ion; rather it is c

back end can be 

e directory in wh

e file in which th

article found, sen

ava APIs. For c
d WP2TXT [10]i
1, and the versio

or space model a

ide the file ac
t. 

i)], i=0 to n –
dex file containin

)], i=0 to n
index pool – r

ate tf-idf weight
ion can also be
nly once, since 
is added. Deter

ave been indexed

sed system is a
After one arti

he web service (O
e web service 
content using m

chine learning. T
the received inf

done by calculat
ents with high 
thus clustered t
looks like this: 

f indexing algor

ng of developed a
‘Acoustic metam
ly read. After all
ece of data, an a
ce for ontologi
on of the vector,
lustering is perf
ated vector is ta

e. The closest do
ft retrieval during
mities of – file
file named as fil
rs according to v

not calculated
calculated once i

summarized as:

hich the files are

he data is presen

nd the article to w

carrying this 
s used. IDE 

on of JDK is 
are –  

ccording to 

– For each 
ng the term 

- mergethe 
resulting in 

ts of all the 
e performed 
the weights 
rmining the 
d appears to 

ccompanied 
cle is read 
OpenCalais) 
creates rich 

methods like 
This step is 
formation in 
ting the dot 
dot product 
ogether. An 

 
rithm 

algorithm in 
materials’ is 
l the articles 
article about 
ical domain 
, storing the 
formed after 
aken with all 
cuments are 
g the search 
319_vector’ 
le319. After 
vector space 
d in every 
in the end. 

e present 

nt 

web service 

625



T
in
id
v

S
a

4

5

1

 7

f
p
g
c

C
h
C
p

F
c

d. Cr
to

e. C
st
fil

f. C
sp

g. If 

The file_vector
nformation. It c
dentifying wheth

vector looks like 

Some identifier d
are as follow -  

441 – Games, To

578 - Tile based 

13 – Sports, Dom

7 – Business Fin

file_vector captu
piece of data in
greatly helps in c
compact equation

Centroid based c
having overlapp
Centroid is dec
present in the con

Figure 3.. Possi
clustering 

reate fileno_vec
opics found in th

alculate the pro
ore it in file_pr
les according to 

alculate the docu
pace model and a

f more data prese

r mentioned i
consists of an 
her the entry is a
(Figure 2) –  

Figure 2. A

details, which ar

opic 

board games, To

main 

nance, Domain 

ures the multi-d
nto a single vec
capturing the nat
n. 

clustering is use
ping domains o
ided by the m
nsidered data set

ible cluster for

ctor consisting 
e document 

oximities of the
roximity. This v
their semantic m

ument vectors ac
assign tf-idf wei

ent in the directo

n step d sto
ID field, and a
a domain or a to

 
A file vector 

re stored in the 

opic 

dimensional sem
ctor. This type 
ture of entire co

ed to create clu
or topics are cl

most common d
t. 

rmation by ont

of domains an

e new article an
vector clusters th
metadata. 

ccording to vect
ghts to the word

ory, go to step b

ores the doma
a ‘type’ field f
opic. A typical fi

above file vecto

mantic nature of
of representatio

ontent into a sing

usters. Documen
lustered togethe

domains or topi

 
tological doma

nd 

nd 
he 

tor 
ds 

ain 
for 
file 

or, 

f a 
on 
gle 

nts 
er. 
ics 

ain 

Figure 
cluster 
broad c
about 
Industr

4.4 s
sIRch i
observe
is a web
HTML
The ba

 

5. EX
For ob
implem
for the 

 

3 depicts that o
according to th

clusters are crea
‘IBM’ will fall 
ry. 

sIRch – Pro
is an IR (informa
e the results of t
b portal develop

L. The system is 
sic interface of t

Fig

XPERIMEN
bserving the r

mented in sIRch,
particular query

Figure 5

one document ca
he nature of con
ted according to
into 2 major c

ototype impl
ation retrieval) s
the algorithm pr
ped in JSP (Java 
deployed on Ap

the system looks

gure 4.sIRch in

NTAL RES
esults of onto
, query term ‘Te

y are shown in Fi

5. Search result

an be part of mo
ntent present in
o domains, then 
clusters – Tech

lementation
system which is 
resented in the p
Server Pages), S

pache Tomcat 7.
s like (Figure 4):

nterface 

SULTS 
logical domain
exas’ is chosen. 
igure 5: 

ts for 'Texas' 

ore than one 
n it. If three 

a document 
hnology and 

n 
designed to 

paper. sIRch 
Servlets and 
.0.14 server. 
 

 

n clustering 
The results 

 

626



A
m
‘N
c
a

F

A
o
G
th
d
in

 

T
p

B
a
A
s

All the search r
manner. For obse
Nearest Docum

campaign, 1972.
as shown (Figure

Figure 6.Docum

All the retrieved 
of George McGo
Glen Casada, wh
he document is 

documents have
nspection tells u

Table 2. Commo
presidential cam

Typ

Doma

Topi

Both the domain
and the commo
Algorithm for ar
summarized as: 

a. Read th

b. Remov

c. Stem th

d. Return
w(k1)+
stemme
weight
docum

e. Offer 
every s

esults are assoc
erving how the a

ment’ link of 
’ The results of s
e 6): 

ments closest to 
campaig

results are very
overn. For examp
ho was also a po

the topmost sea
e semantically 
us about the com

on domains/top
mpaign, 1972’ a

e 

ain 

ic 

ns fall under the
on topic betwe
rriving at search

he query. 

ve the stop word

he query 

ndocuments 
+w(k2)+…+w(kn
ed keywords in
t of the keywo

ment. 

suggestions of 
search result. 

ciated to Texas 
algorithm works
‘George McGo
selecting the clo

‘George McGov
gn, 1972.’ 

y similar to the o
ple, the topmost 
olitician of same
arch results sugg
common doma

mmon topics (Tab

pics between ‘G
nd ‘Glen Casad

Ter

Poli

United 

e ontological do
een the two is 
h results through

s 

in order
n)], where k
n the query, a

ord with respec

nearest docum

in some or oth
 out, we select th

overn presidenti
osest document a

vern presidenti

original docume
search result is 

e era. The fact th
gests that the tw
ain/topics. Clos
ble 2): 

George McGover
da’ 

rm 

tics 

States 

omain of ‘Politic
‘United States

h the sIRch can b

r of 
k1, k2 are th
and w(k1) is th
ct to a particul

ments along wi

her 
he 
ial 
are 

 
ial 

ent 
of 

hat 
wo 
ser 

rn 

cs’ 
s’. 
be 

[ 
he 
he 
lar 

ith 

6. RE
AN E
ENG
In this 
sIRch 
engine.
option 
given 
‘conste
sIRch (

All the 
related 
Navis’ 
results 

Figur

 

A curr
results 

ESULT OB
EXISTING 

GINE 
section, search

are analyzed al
. The web searc
of retrieving si
URL. The que

ellations’. The q
(Figure 7): 

Figure 7. Se

search results a
to star systems
is selected for 
of nearest do

re 8. Nearest D

rent operating s
based on sema

BERVATIO
SEMANTIC

h results from t
longside an exi
ch engine used f
imilar results ba
ery selected fo
query yields th

earch results for

are either constel
s in some manne

drilling down o
cuments of Ar

ocuments of Ar
per sIRch 

semantic web s
antic analysis is

ONALONGS
C WEB SEA

the newly desig
sting semantic 
for comparison 
ased on the con
or performing 
he following res

r 'constellations

llations in thems
er. The search r
on nearest docu
rgo Navis are

rgo Navis conste

earch engine w
s selected for o

SIDE 
ARCH 

gned system 
web search 
provides an 
ntent of the 
the test is 

sults in the 

 

s' 

selves or are 
result ‘Argo 
uments. The 
(Figure 8):

 

 

ellationas 

which offers 
bservations. 

627



T
a

T
r
s
u
c
c
fr
s
a
r
ty
p
m

 
P
|{

~
D
f
 

7
T
a
c
s
d
d
S
m
r
d
d
a
c
b
(
p

The query entere
argo navis’-   

Figure 9. Resu
similar s

This is a screens
esults. It can be

semantically und
unambiguous ab
constellation an
constellations. B
from the result o
similar to ‘argo 
almost all the ‘ne
esults. Nearly a
ype of content i

possible when t
metadata. Precisi

Precision = | {R
{Retrieved Docu

= 6/7   (the

~ 86%section. 
Difference in dat
for variance in re

7. CONCLU
The algorithm 
approach to clus
content. The pr
search technique
domain clusterin
data would play 
Semantic web. T
metadata can be
elevant search 

designing more i
domain coefficie
and refinement i
clustering algorit
by adding suppo
i.e. apart from t

proposed system

ed in the search 

lts obtained fro
ite search for ‘A

shot (Figure 9) 
e observed that 
derstand the me
bout the fact th
nd the user i

But the results g
of ‘Carina’, non
navis’. Whereas
earest document

all the results are
is explanatory i
the data is clus
ion in the results

Relevant Docume
uments}| 
e document title
be termed as an 

ta sets of two alg
esult sets. 

USION 
described in th

ster documents a
roposed system 
es can be impro
ng techniques in
a pivotal role in
The proposed s
e exploited to c

results. The a
innovative ways

ents. Extraction 
in its methods w
thms. The ranki
ort for multiple 
the one which i

m, i.e., ontology

engine was – ‘c

om a web search
Argo Navis’ con

showing the fir
the search eng

eaning of the qu
hat the ‘argo n
intends to sea

generated are no
ne of the results 
s in the propose
ts’ are close to th
e related to con
n nature. This t

stered according
s of sIRch can be

ents}∩ {Retriev

d ‘apparent mag
irrelevant result

gorithms may be

he paper provi
according to the

demonstrates h
oved by incorpo
n them. Analyz
n developing sea
system shows h
cluster data and
algorithm can 
s to assign weig
of semantic data

would consequen
ing algorithm ca
ontology suppo
s being used for
y developed by

constellations lik

h engine agains
nstellation 

rst page of sear
ine is not able 
uery.The query 
navis’ refers to 
arch for simil
ot accurate. Apa
are constellatio

ed system’s resu
he actual intend
stellation, and th
type of relation 
g to the semant
e calculated as:

ved Documents}

gnitude’ can       
t) 

e a possible reaso

ides an alterna
e meaning of the
how the existin

orating ontologic
zing the nature 
arch techniques 
how the semant
d ultimately off
be improved b

ghts to ontologic
a is a crucial ste
ntly lead to bett
an also be refin
orted domains [1

r clustering in th
y OpenCalais [

ke 

 
st 

ch 
to 
is 
a 

lar 
art 
ns 

ult, 
ed 
he 
is 

tic 

| / 

                   

on 

ate 
eir 
ng 
cal 
of 
in 
tic 
fer 
by 
cal 
ep, 
ter 
ed 

11]. 
he 

[3]) 

Work c
ontolog
 

8. A
We wo
us to ex
also lik
with s
experim
 

9. RE
[1] Ti

on
68

[2] G.
au
18

[3] An
On
In
In
Za

[4] Er
Im
Do
2n
20

[5] Na
Ba
RI

[6] Xi
Xi
Te
:D
Sc

[7] Op

[8] Ev
htt

[9] W
htt

[10] W

[11] De
Si
on
Co
Fe

[12] Pe
Ex
In
CE

[13] W
An
Di
Sy
Be
5. 

 

could also be ca
gies [12]. 

CKNOWLE
ould like to thank
xtract rich sema
ke to thank the 
sample data on
mented. 

EFERENC
im Berners-Lee 
n the Semantic 
832, Publisher: H

. Salton, A. Wo
utomatic indexin
8 Issue 11, Nov. 

ndreas Hotho, 
ntology-based T

nformation Proce
nternational II
akopane (2003) 

rnesto William 
mproving Ontolo
ocument Collec
nd Int. Worksho
004, part of ECA

athalie Aussena
ackground Know
IAO, page 129-1

iaodan Zhang, 
iaohua Zhou- A

erm Similarity M
DASFAA, volum
cience, page 115

pen Calais http:/

volutionary 
tp://en.wikipedia

Wikipedia 
tp://dumps.wikim

WP2TXT - http://

ebajyoti Mukh
inha; Introducing
n Multiple Ontol
omputer Scien
ebruary 15-17, 2

epijn R. S. Vis
xperience with

ntegration: Intelli
EUR Workshop 

Wu, C., Potdar, 
nalysis – The
iscovery. In:  
ycara eds. 2008
erlin, Heidelberg
 

arried out for con

EDGEMEN
k the OpenCalai
antic metadata fr
Wikimedia dum

n which the p

ES 
and James Hen
web- Nature (2

History Today Lt

ong, C.S. Yang 
ng -Communica
1975 ACMNew

Alexander Ma
Text Documen
essing and Web 
S: IIPWM'03
, p. 451-452 

De Luca an
ogy-Based Sens
ctions with Clus
op on Adaptive M
AI 2004, (2004) 

ac-Gilles & Josi
wledge to Expl
142. CID, (2004)

Liping Jing, X
A Comparative 
Measures on Pub

me 4443 of Le
5-126. Springer, 

//www.opencala

Al
a.org/wiki/Evolu

Database 
media.org/backu

/wp2txt.rubyforg

hopadhyay, A
g Dynamic Ran
logy supported D

nce Series, Sp
010; LNCS 596

sser and Valen
h Ontology Cl
igent Informatio
Proceedings, (1

V., Chang, E
 Dynamics of
T. Dillon, Cha

8. Advances in 
g: Springer. pp. 

nstructing vecto

NTS 
is Web Service f
rom a document
mp service for p
roposed system

ndler; Scientific
2001) Volume: 
td., Pages: 1023

; A vector spac
tions of the AC

w York, NY, USA

aedche and Ste
nt Clustering -

Mining, Procee
 Conference 

nd Andreas Nü
se Folder Class
stering Methods
Multimedia Retr

ane Mothe - On
ore Document 
) 

Xiaohua Hu, M
Study of Onto
bMed Documen
ecture Notes in
(2007) 

ais.com. 

gorithms 
utionary_algorith

dumps 
up-index.html 

ge.org/. 

Anirban Kundu
nking on Web-p
Domains;  Lectu
pringer-Verlag, 
6 pp.104-109 

ntina A. M. Ta
lustering for 

on Integration, vo
999) 

E., 2008. Laten
f Semantic W
ang, E., R. Me

Web Semantic
346-373. 978-3-

ors in shared 

for allowing 
t. We would 
providing us 
m could be 

c publishing 
410, Issue: 

-1024 

e model for 
CM Volume 
A 

effen Staab: 
Intelligent 

dings of the 
held in 

ürnberger - 
sification of 
s : Proc. of 
rieval AMR 

ntologies as 
Collections: 

Michael Ng, 
logy Based 

nt Clustering 
n Computer 

- 
hms. 

- 

u, Sukanta 
pages based 
ure Notes in 

Germany; 

amma - An 
Information 
olume 23 of 

nt Semantic 
Web Service 

eersman, K. 
s I. LNCS. 
-540-89783-

628




