RIRE S BMER 13217
(2003. 3. 14)

Decision Tree - Graph-Based Induction O#&REYLHE

vaRa- 7AYot E OB HFREHT O TE OB OBER &
P KIRASEBELRIERIZENT T 567-0047 KIFHAAMER 7 £ 8-1

E-mail: {{warodom,matsuda,yoshida,motoda,washio}@ar.sanken.osaka-u.ac.jp

$H5%EL Graph-Based Induction (GBI#) i%, BRHASTIRICL »TF T 7HET — 2 hH LB Y — 2 &
THEBEBFEDO—2TH . —F, REKITT—F2RCEHRFETHY, BRELILTVA—ARELND L
WIHRIERH DM, BEREBETICRT—F 2B - BEEE LTRRTILERDS. AR, GBIEZAHV
T, 75 7#ET - XICH L THEE REK) 2HET 5T, Decision Tree - Graph-Based Induction (DT-GBI
) FRETD. DOFHEL, FUIACTEE GHECEDRES ST 7) & GBHEC IV AR LRPOREARE
KT L0 ) A >, DT-GBI EDO#RE% UCI Repository 7250 DNA F—# & v MIxt$ 2 ERTHMEL,
DT-GBI R 5 7HEF —Z o L CHOBEBREZBETI0RNRFETHD Z L 27T,

X—J—F F—F=Af=VV, V5 7HET —4, Decision Tree - Graph-Based Induction (DT-GBI #)

Functional Extension of Decision Tree - Graph-Based Induction

Warodom GEAMSAKUL!, Takashi MATSUDA', Tetsuya YOSHIDA, Hiroshi MOTODA', and
Takashi WASHIO!

t Institute of Scientific and Industrial Research, Osaka University
8-1, Mihogaoka, Ibaraki, Osaka 567-0047, Japan
E-mail: {{warodom,matsuda,yoshida,motoda,washio}@ar.sanken.osaka-u.ac.jp

Abstract A machine learning technique called Graph-Based Induction (GBI) efficiently extracts typical patterns
from graph-structured data by stepwise pair expansion (pairwaise chunking). Meanwhile, a decision tree is an effec-
tive means of data classification from which rules that are easy to understand can be obtained. However, a decision
tree could not be produced for the data which is not explicitly expressed with attribute-value pairs. In this paper,
we propose a method of constructing a classifier (decision tree) for graph-structured data by GBI. In our approach
attributes, namely substructures useful for classification task, are constructed by GBI on the fly while constructing
a decision tree. We call this technique Decision Tree - Graph-Based Indution (DT-GBI). DT-GBI was tested against
a DNA dataset from UCI repository. The results indicate the effectiveness of DT-GBI for constructing a classifier
for graph-based data. k
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2. Graph-Based Induction (GBI i%)
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GBI(G)

Enumerate all the pairs P,y in G

Select a subset P of pairs from Pyy; (all the pairs in
G) based on typicality criterion

Select a pair from Pp; based on chunking criterion

Chunk the selected pair into one node ¢
¢ := contracted graph of G

while termination condition not reached
P := P U GBI(G¢)

return P
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3. Decision Tree - Graph-Based Induction
(DT-GBI %)
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DT-GBI(D)
Create a node DT for D
if termination condition reached
return DT
else
P := GBI(D) (with the number of chunking
specified)
Select a pair p from P
Divide D into Dy (with p) and Dy (without p)
Chunk the pair p into one node ¢
Dy := contracted data of Dy
for D; := Dyc, Dn
DT; := DT-GBI(D;)
Augment DT by attaching DT; as its child along
yes(no) branch
return DT

3 Algorithm of DT-GBI
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M4 — —

-« -root node only (contracted graph)
- @ -every node (contracted graph)
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