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Abstract

The imbalanced problem occurs when the number of instance in the one class sharply outnumber
another class. The classification on imbalanced data always brings about problems because the traditional
classifiers tend to predict well on the majority class while the prediction based on the minority class is poor.
Therefore, the aim of this research is to propose the hybrid data level approaches in order to improve the
classification performance based on the two-class imbalanced dataset. This research introduces a new approach
that combines the clustering approach of k-means algorithm and over-sampling techniques namely Clustering
Switching Method for Sampling Imbalanced Data or ClusIM. The research’s result shows that ClusIM has
higher F-measure and G-mean results than the other methods especially on majority classes that ClusIM obtains
the F-measure and the G-mean values about 90% on all dataset. Moreover, ClusIM reduced the overlap and

imbalanced ratio between classes to get good performance.

Keywords: Imbalanced data, ClusIM algorithm, Hybrid data level approaches, Sampling data, Classification,

Data mining
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Algorithm 1 : ClusIM

Input:

1) Given S{(X1,Y1),-..,(Xm,Ym)}Xi € X,with labels yje Y = 2
2) M;= the number of instances of the majority class

3) M= the number of instances of the minority class

4) IR = Mj/M,

5) k is the number of clusters (k=2)

Begin:

1) C1..= Kmeans(S,k)

2) temp = MnC;

3)fori=1to2do

4) Ti= MjCi U temp

5) if IRof T;>15then Ti=M;Ci U SMOTE(temp) ;
6) temp=MnCy

7)  h; = baseclassifier(T;)

8) end for

End

Output: H* = Maximum Probability Vote hy
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(a) Original Monk2 dataset (b) Monk2 (T1) from ClusIiM (c) Monk2 (T2) from ClusIM
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