Journal of Korea Multimedia Society Vol. 17, No.2, February 2014(pp. 240-247)
http://dx.doi.org/10.9717/kmms.2014.17.2.240

O Of
|

H
)
[N

PN Y- HEE dolHE B Bopol A tgFgos 44D 7} Ab8)E galel whe)
A%Hoz W frke 540 Ytk o2 Aste], P YoHE FAF F8H YRE A7) AAAE
(@) &) voEF s Hesta, b) A§AT 44 JnE 2E 5
Aot o3 F A4 ZW FolA, B =R A8AY AR A4 PEe d
289 dlole T4 P ANB 53], & =R Zrxs} A8)E Bel ue A% Ko Wset
t 9 HelHe) 542 welstel, Hold ZAlxE Qs b AFH LERAS 710 EAFE
ME LERARYE F2AT B9, Al A7 Foho ANT dndFEY 842 walt

rio

Effective Indexing for Evolving Data Collection by Using Ontology
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ABSTRACT

Data which is created and shared on the Web is characterized by the massive amount of user generated
content on various applications and dynamically evolving content on the basis of user interests. Thus,
in order to benefit from Web data, it is essential to provide (a) the mechanisms which enable scalable
processing of large data collections and (b) the organization schemes which reduce the navigational
overhead within complex and dynamically growing content. Between these two impending needs, in this
paper, we are interested in developing an indexing scheme which aims to reduce the time and effort
needed to access the relevant piece of information by leveraging ontologies. In particular, considering
evolving nature of Web contents, the proposed technique in this paper computes the sub—ontology, which
best matches a given data collection, from the existing large size of ontology. Case studies show that
the proposed indexing scheme in this paper indeed helps organize dynamically evolving content.
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b Be AN wE o, B TS go] FHT) nodepp) & T3tk 5WlA ¥4 GetNodeAnd-

Edge()Z o] &3l ¢, Ao A8t BE 74 =
58 333, FE =7} root_nodepsdll &3t

¢ = MAX _ - (cos(d;,c,))=MAX _- (Slit]) ~
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olgdte] & A w5 TS o2 bgs O TR HE Bl dges A8 2824 O
A e, dole 2UAe Quysy) ga) Ay (Con P)E o8, 2 ‘*“’]E* dEDBﬂ 4
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Pseudo-code for computing minimum tree which contains all concept nodes in cDAB from O(C, E)
Input : OC, E), c;;
output: Ops(Cps, Eps)

CDB — O

EDB — O

root_node <— root node of O(C, E)

root_nodeps <— GetRootNode(root_node, C, E, c;B)
GetNodeAndEdge(root_nodeps, C, E, Cps, Eps, c;B)
return Opg(Cpg, Eps)

GetRootNode(root_node, C, E, ¢,)
7:  for each child_node of root_node
8: if ( sub-tree rooted at child_node subsumes all concept nodes in c¢,z)

9: return GetRootNode(child_node, C, E, c;B)
10:  return root_node;

GetNodeAndEdge(root_node, C, E, Cps, Epp, c;B)
11:  for each child_node of root_node

12: if ( sub-tree rooted at child_node contains any concept node in c;B)
13: Cpg < Cpp U child_node

14: EDB «— EDB U €root_node,child_node

15: ¢py < ¢py — child_node

16: if (¢, == D)

17: return

18: else

19: GetNodeAndEdge(child_node, C, E, Cpp, Epg, c;B)

20: return

021 3. ¢pp a0l EXRfsHE BE AN =52 285K A4 E2| (minimum tree)E T
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