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Abstract—We propose new algorithm for the selection Sgnﬁ; - Xpregnﬁfg étase Classifier
of marker genes from DNA Microarray gene expression g HXE Building
dataset, which is skewed and imbalanced. Genes are sorted v
according the its statistic significance and stepwisely lteration Classifier
divided into two parts at each significance ranking. And t=1:p Test
first half of sample-by-gene matrix is used as a dataset to e v
build classifier for this special situation and find its error .

rate. Since this iterative process provides error rates of
classifier at each ranking, we can select the specific
ranking where error rate is minimal and from first to this
ranking call marker genes of the gene expression data.

. error

Fig. 1. Overall process of marker gene selection
Keywords—DNA  Microarray, Imbalanced data,
marker gene

A. Gene Sorting
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Il. METHODOLOGY
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(1(.) :indicator function,
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BW score 4= class & 183+ 9 2
WA= gene =, marker gene ©l2t & 4 QITth  ©] BW



score ol e} 7+ gene ol ranking & "Xl ¥(Fig. 2), L
ranking I -2} gene-by-sample matrix £ sorting 3} 31 tH(Fig.
2,3).
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Fig. 3. Gene expression dataset before and after gene sorting
according to BW score

B. Classifier & Cross-validation
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Fig. 4. Building classifier
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Fig. 5. Testing classifier

3) Error Rate Plotting: 3 <& marker gene set & A3}
HA o t 3& AAs] S8, t 73S 1 olAFE A
FAR] AFEQ p 74X wkRbEA 2zhe] Fgo
] F=H classifier 2 error rate & plotting 3} 31 3 4 9]
error rate & X 0]+ t 3k 27 2 gt} (Fig. 6 3%)

Il. RESULTS
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Fig. 6. Plotting error rate to find minimum error rate
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IV. DISCUSSION
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