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Abstract: The reasons of false classification caused by current normalization methods in cancer gene mi-
croarray are analyzed and a new normalization method based on class mean is proposed. This method nor-
malizes gene expression profile in two directions, namely, makes normalization and cluster analysis wrapped
with each other and modifies referenced expression levels using cluster results. On the different variance
levels of 5 cancer gene expression profile datasets, the new method is compared with other normalization
methods in hierarchical clustering and K-means clustering. The experimental results show that the proposed
approach can improve the cluster results of cancer gene expression profile.
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1
Table 1 The results of hierarchical clustering with different variance levels and normalization methods
Dataset No central Median central Mean central Class mean
Best Worst Best  Worst Best  Worst Best Worst Iteration times
Datal(38) 26 26 36 29 36 29 38 33 =6
Data2(34) 21 20 32 27 32 27 33 27 =3
Data3(40) 25 24 38 23 38 23 39 27 =6
Data4(22) 16 11 16 16 17 16 16 16 <3
Data5(35) 35 29 35 31 35 29 35 35 =3
2 K-
Table 2 The results of K-means clustering with different variance levels and normalization methods
Dataset No central Median central Mean central Class mean
Best Worst Best  Worst Best  Worst Best Worst Iteration times
Datal(38) 36 28 33 28 33 29 37 32 <6
Data2(34) 32 29 32 28 32 29 33 26 =3
Data3(40) 38 23 36 24 36 23 37 24 =3
Data4(22) 17 17 17 17 17 17 17 17 =3
Data5(35) 35 29 35 31 35 29 35 35 =6
Datal-3 5 , Datad Matlab 7 PCA ,
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Fig.3 The clustering results of Datal-4 with different variance levels and clustering methods
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