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A Statistical Approach for Extracting and Naming Relation between Concepts
Hee-soo Kim' - lkkyu Choi™ - Minkoo Kim™

ABSTRACT

The ontology was proposed to construct the logical basis of semantic web. Ontology represents domain knowledge in the formal form
and it enables that machine understand domain knowledge and provide appropriate intelligent service for user request. However, the
construction and the maintenance of ontology requires large amount of cost and human efforts. This paper proposes an automatic ontology
construction method for defining relation between concepts in the documents. The Proposed method works as following steps. First we
find concept pairs which compose association rule based on the concepts in domain specific documents. Next, we find pattern that
describes the relation between concepts by clustering the context between two concepts composing association rule. Last, find generalized
pattern name by clustering the clustered patterns. To verify the proposed method, we extract relation between concepts and evaluate the
result using documents set provide by TREC(Text Retrieval Conference). The result shows that proposed method cant provide useful
information that describes relation between concepts.

Key Words : Automatic Ontology Construction, Information Extraction, Relation Extraction
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< A9y
Z w, . weight
score (cx) = uzihvod of o

length of cx

(&, wweight= o7t &3 319 T4

A= wd 7Rl

— G‘“di‘:a["? Context
Docurrenss Preprocessor concept List Extractor
| - -’4
Sentences

Assocwt ion

[}
1
|
|
|
| ———— -
|
|
I
!
)
| .

I Mmer
| Conmxzs
|
i
- I
Candichte * (i |
concept List —————-l |
Relation Pattern
-- Naming i E = Clusteing -
Module Module

Asocxaum

(3% 2) REX A{2He] F1=

FEe7] A8l oy Al

$4& AA 7)(Preprocessor)o| A& B &
o] BME Aoz 7y A 4 e % 94
2 FR3n, 74 £38 doj9 DEY I (sequence)® I
gz 2dath g aAd W& FZ7](Context Extractor)
dME 488 MY EZo2Ry /de dold d5d ¥

Preprocessor()
{
initialize Bt+-tree;
while ((tfoken = gettoker()) 1= EOF) {
if token.type is WORD then{
word = kstem(token);
find word fomB +tree;
if worddoes not exist in B+tree then {
add wordinto B+tree;
add wordID intosentence;

}
else if rokentype is END OF_SENTENCE) then {
wiite sentenceinto output file,
initialize sentence;
}
3
}

ContextExtractog)
{
make concept_index_structures using concepts,
foreach sentence s do
fori -th word wi of s do {
ifthereisa concept ¢/ which starts withwi and matches with senten cethen{
forj -th wordwj of s do

ifthere isaconcept ¢2 which starts with wj and matches with sentencehen{

write cl, ¢2,and context,
j =j+c2length
}

i =i+cllength;
continue ;
}
}

AssociationRuleMinef)

for each concept cido

for each concept ¢j, ¢ci ? ¢ do {
find contexts cxswhich containciand o;
support = number of axs/ total number of contexts;

confidence= number of cxs / number of contexts containingci;
if (support> minsup AND confidence> minconf) then
wiite ci? cj, support, confidenceand its cxs;
}
Y

PattemnClustering Mo duld)

for each association rule ardo {
ClusterSet CS={};
foreach context cx of ardo {
convert ¢x into vectorv
if CSis empty then {
make new cluster cwithv;
add vinto CS;
)
find bestCluster hcmatched with v using threshold
if bcexists then
add vinto bc;
else {
make new cluster cwithv;
addvinto CS;
}
}
write CS;
}
}

RelationNamin gModul€)
{
ClusterSet CS = Cluster all clusters generated in procedure ClusteiContex¢);
for each cluster cin CSdo {
bestScore=0);
foreach context cr of cdo {
calculate cx.score using centroid of c;
if cxscore > bestScorethen
bestContext= cx;
}
write concepts of association rules of c and bestContext,
}
}
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[Concept 1:
[Concept 1:

relation name :

[onoept 1:

relation name :

3 [Concept1:

relation name :

Apple ][Concept 2:

Novel | 1{Concept 2:

Microsoft ][Concept 2:
announced

Microsoft 1[Concept 2:
deve | oped

Microsoft 1[Concept 2:
desigred
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