PO 00 http://www.cqvip.com]

MBS 2007Vol. 34No. 9

ATFAHEHEENEZETE

BRZX IRB KitE
(ERAFUHENAGFEABLXELALERE & X 210093)
(ERARFWTENAFEEHAR & 210093)

B E HANSEERRERATHBETELANMALKR AR HAMEN, R EFREAFETEHGOELZ
FHBHYE., AR EHEE ARG RAS AT EZEETRRFRFOME BRALA TRETHELELEY
FEFERBFHEEZ AT HENFTAMLT R, "

XEIN FHARES SR, R, ROEEFT

Data Mining on Imbalanced Data Sets

ZHAO Feng-Ying WANG Chong-Jun CHEN Shi-Fu
(National Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210093)
(Department of Computer Science and Technology, Nanjing University, Nanjing 210093)

Abstract The majority of machine learning algorithms previously designed usually assume that their training sets are
well-balanced, but data in real-world is usually imbalanced. The tradition machine learning algorithms on balanced data

sets have bad performance when they learn from imbalanced data sets. Thus, machine learning on imbalanced data sets

becomes an urgent problem. In this paper, a simple review of the related work is informed.
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