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Classification M ethods on Imbalanced Data: a Survey

YangMing Y n Junmei JiGenln

(School ofM athem atics and C anputer Science N anjng NomalUnwersity Nanjng 210097 Chna)

Abstract Classification is one of he most in portant research contents nmachine leaming and the trad itional classif+-
cation m ethods are relatively maure when dealing with weltbahnced data they can m ake good perfom ance But n real
world the data is usually inbalanced The design of the ex sting class ification methods & often based on he assumption
that the ran ng sets are well-balanced so itmay lead to the descend ng capability of the chssification m ethods when
dealing with mbalanced data M ak ing researches on mbahnced data & quite mportant In order to help readers to have
a clear dea of the currently proposed and futurew otk on the Bsue of unbahnced data classificaton, we make a simple
survey of the stud ies of this issue and give som e key poblan s atiracting researchers n th s paper
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