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Improvement of Search Capability of Decision Tree — Graph-Based Induction
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Abstract: Decision Tree — Graph-Based Induction (DT-GBI) is a technique of constructing data classifiers
(decision trees) from graph-structured data in which attributes and attribute values are not explicitly expressed.
In our approach, attributes, namely substructures useful for classification task, are constructed by GBI on the fly
while constructing a decision tree. After we proposed DT-GBI, the improved version called Beam-wise GBI (B-
GBI) in which the idea of beam search was incorporated was proposed by Matsuda et al. in 2002. In this paper, we
improved our DT-GBI by introducing B-GBI for typical substructure extraction. We used a DNA sequence dataset
from UCI machine learning repository to evaluate the predictive accuracy of our technique with conventional GBI
and new B-GBI. The results show that search capability of DT-GBI was improved by expanding search space when
extracting typical substructures from graph-structured data.
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3. Decision Tree — Graph-Based Induc-
tion (DT-GBI %)
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DT-GBI(D)
Create a node DT for D
if termination condition is reached
return DT
else
P := B-GBI(D) (with the number of chunking
specified)
Select a pair p from P
Divide D into Dy (with p) and D, (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
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