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Abstract: In gene expression data analysis, discriminator genes are importantly informative genes for further
research. Recently, a great deal of research has focused on the challenging task of identifying these informative
genes from microarray data. However, the sizes of sample classes in microarray data are often unbalanced. The
unbalance of samples has not been explicitly and correctly considered by the existing gene selection methods,
especially nonparametric methods. Considering the unbalance of samples and the stability of the approach for
identifying informative genes, a novel and model-free gene selection method is proposed in this paper. With
considering within-class difference and between-class variation, as well as the homogeneities of the within-class
difference and between-class variations, scoring functions of genes are constructed to select discriminator genes.
This method is not only applicable in two-category case but also applicable in multi-category case. The
experimental results on two publicly available microarray datasets, leukemia data and small round blue cell tumor
data, show that the proposed method is very efficient and robust to select discriminator genes.
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Table1l Overlap of top k genes by different methods
1 k
30 genes for leukemia 74 genes for SRBCT
o1+ds Cho Op+dy Cho
S+ 24 (80%) 6(20%)  61(82.43%) 21 (28.38%)
SRBCT , 3
(6+dy,61+d; Cho, ) 74 . 3 [14,17,18]
3 , . 2
,Cho .
Table2 The consensus of top 74 genes by different methods and three reported sets of genes
2 74 3
Method 96 genes, Khan, et al. 43 genes, Ribshirani, et al. 60 genes, Bicciato, et al.
S+ 28 (29.17%) 12 (27.91%) 25 (41.67%)
S+ 23 (23.96%) 9 (20.93%) 20 (33.33%)
Cho 17 (17.71%) 5 (11.63%) 8 (13.33%)
3.3
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Table3 The consensus of genes selected by the same method
from duplicated data and from original data
3
Data of al training samples (%) Data of al training and test samples (%)
Method | Top X geneS =51 NB RMS ALL AML | EWNS __BL __NB __RMS ALL _AML
S+d, | 30/74/100 | 100 100 100 100 100 100 | 100 100 100 100 100 100
S+d; | 30/74/100 | 100 100 100 100 100 100 | 100 100 100 100 100 100
30 833 833967 86.7 833 867 | 90 93.3 90 86.7 96.7 83
Cho 74 86.5 89.2 905 90.5 905 905 | 905 892 919 919 932 865
100 93 88 92 91 9 93 90 94 92 91 92 90
2 , K, 3,
, , ; K " 3, k
X , )
20 , , 4 X )
) Cho ’ 52+d2
Table4 The average consensus of genes selected by the same method
from removed data and from original data
4
Top Method Data of al training samples (%) Data of al training and test samples (%) | Num. of
genes EWS BL NB RMS ALL AML[EWS BL NB RMS ALL AML]| max.
&+d, [ 848 778 819 874 754 653|875 813 85 838 874 849 7
30 | &+d, [87.6 75.0 848 89.1 751 69.0|829 739 804 818 855 804 4
Cho [741 716 775 741 60.8 58.8| 832 799 855 834 750 79.0 1
S&+d, [89.0 87.1 898 887 773 710|855 826 864 839 845 808 5
74 | s+d, | 857 809 87.0 846 783 733|846 802 843 852 830 809 4
Cho |848 833 855 799 664 667|875 8.9 83 8 758 770 3
Std, [87.3 861 90.1 87.3 80.0 741|866 839 876 863 837 808 5
100 | s+d, |87.4 874 879 865 775 749|849 792 841 829 836 809 4
Cho |856 856 884 814 69.0 677|887 845 85 8 774 758 3
4
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