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Abstract
In classification problems, the class

imbalance problem would cause a bias on the
training of classifiers and result in a low
predictive accuracy over the minority class
examples. This problem 1is caused by
imbalanced data in which almost all
examples belong to one class and far fewer
instances belong to others. Compared with
the majority examples, the minority
examples are usually more interesting class,
such as rare diseases in medical diagnosis
data, failures in inspection data, and so on. In
order to tackle the class imbalance problem,
this study aims to (1) find a robust classifier
from different candidates including Decision
Tree (DT), Logistic Regression (LR),
Mahalanobis Distance (MD), and Support
Vector Machines (SVM); (2) propose one

SR AL
FUNE R SF P ?ﬁﬂﬁﬂﬁ
A
e-mail : $9614617@cyut.edu.tw

novel method called MD-SVM (a new
two-phase learning scheme). Experimental
results indicated our proposed MD-SVM has
better performance in identifying the
minority class examples compared with
traditional techniques such as
under-sampling, cost adjusting, and cluster
based sampling.

Keywords: Class Imbalance  Problem,
Classification, Mahalanobis Distance, Data
Mining, Imbalanced Data.
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F R A EE Y AEEA o w7 T fgrenfd
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