FEEESA dolE(Partially Missing Data) X dlo]El9] &4 glol BHHE AEY oVt A2 thE doleE dgsiedl QoA &
#FAETZ(Attribute Value Taxonomy, AVID)E 7|ute 2 slalH 71Ee] 84 2dnEd 53 o9& ARy AFsty 4% F/7E
< & Qltks Aol BEA AW ol SAgAZTRE NP H A&V Ex ol =ddd dig AAg 71 e At 9
wEolA AFH ool g} ol @ FAYS T} SAUAZTERE YA AsME BE Ade] dEn] AN LF7F AT &
th B¢ dojg =ulQldl whibr £ARAZTRE ATE AE/E A A9 gk olg@ ulF ol & =82 fHA dnEEE
8 Aoz & A £AFASTZE AN 2uYUE(GA-AVT-Leamnen) 2 A3t £ =79 8L gkt A4 Ho|HE 71
GA-AVT-Leamer2 A8 ¢ $4HAETE2E UE $AgAS T2 Hlﬂﬁ}ﬁi‘:} wel GA-AVT-Learnerdl 9af A" SAUAST
7} BE3A AF EHVNE ATTE 2ol1, EAddole] A QoM E & 3&& HYE A¥UFHORE FHGAL.

}‘NH‘W&%HQO}‘.

FINE SHUANETE, AYPERT|, FEL gIAS

Genetic Algorithm Based Attribute Value Taxonomy Generation
for Learning Classifiers with Missing Data

Jinu Joo" - Jihoon Yang™

Abstract

Learning with Aftribute Value Taxonomies (AVT) has shown that it is possible to construct accurate, compact and robust classifiers
from a partially missing dataset (dataset that contains attribute values specified with different level of precision). Yet, in many cases
AVTs are generated from experts or people with specialized knowledge in their domain. Unfortunately these user-provided AVTs can be
time-consuming to construct and misguided during the AVT building process. Moreover experts are occasionally unavailable to provide an
AVT for a particular domain. Against these backgrounds, this paper introduces an AVT generating method called GA-AVT-Learner,
which finds a near optimal AVT with a given training dataset using a genetic algorithm. This paper conducted experiments generating
AVTs through GA-AVT-Learner with a variety of real world datasets. We compared these AVTs with other types of AVTs such as
HAC-AVTs and user-provided AVTs. Through the experiments we have proved that GA-AVT-Learner provides AVTs that yield more
accurate and compact classifiers and improve performance in learning missing data.

Key Words : Attribute Value Taxonomy, Decision Tree Classifier, Genetic Algorithm
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