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Abstract: Gene expression data has a high application value for understanding the pathogene-
sis, disease diagnosis and gene-level drug development. However, the microarray data usually
contains thousands of genes with a small number of samples, which causes serious curse of
dimensionality and deteriorates the diagnosis accuracy. Moreover, it gives raise to difficulty to
a lot of classifiers, and cuts down the cost of medical diagnosis. A new gene selection method is
proposed, which is based on clustering and particle swarm optimization (PSQO). Firstly, parti-
tion the genes using clustering algorithm and the useful are clusters selected for classification.
Then the wrapper selection method based on particle swarm optimization(PSO) and extreme
learning machine(ELM) is used to select the compact gene subset with high classification accu-
racy from the genes selected before. This method take advantages of clustering and PSO algo-
rithm, and it can perform better in classification than other classical methods.
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Fig. 1 The Leukemia dataset’s classification accuracy

when sub-genes come from different clusters
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Fig.2 The colon dataset’s classification accuracy when
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Fig. 3 The SRBCT dataset’ s classification accuracy

when sub-genes come from different clusters

ARFER RS A /IN B A0 R R 1 B IO AR R
S .

i3 DA b R PR SRR 5 R 2 A L 3 AR B T
3B R R IE B N T 46 . FH PSO 255
ELM #REMEN T £. EfRERF PSO R
5 IR R B E O 10, fi RIS AR B 100, 49)
R HF c1=2,c2=2, N E w=0.8;ELM
IrRAR I sigmoid i pR R foe 0 B 1Y A3 5K
i o 3 3 1 75 FOARAT O 1 30 25 U1 ZRbE A 2o
) CENEP TSR « BEEN 0.8,

L 1) 5 D ORS 1
XA S5 1 e I ROREA AT 2328 B
REEIE N I DBy SR BE I A R AE R 1 R i .
Forpop- 2 3 JERG BE S 30 IRAS R P 3 1A
R1 XBEEINYESLBE

Table 1 Relationship between key genes’ number and classi-
fication accuracy %
HEALE RN FIRKE RIS RRE
F I 3 100 100
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Table 2 Description of the genes selected by the proposed
method
BaRE L Btk
KR 4R -
GB DEF = T-cell antigen re-
X03934 T3-delt
cept - E
ELR 100%  U05259 ceptor gene elta
M63158 MB-1 gene
CTSD Cathepsin D
Human hormone-sensitive

L11706 gene
ZEfmds 93.6% T51023 HEAT Shock Protein Hsp 90-
H20709 Beta

Myosin Light Chani Alkali
FGFR4 Fibroblast growth factor

FVT1 Follicular lymphoma variant
NN 100% translocation
4 i IGF2 Human DNA for insulin-like
growth factor
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Table 3 ~ Comparison of the proposed method with other

method on Leukemia dataset

R ey T %% ARG/ FERE/
A % s
T-statistic 82 98.61 3.3
15 M L 5 95. 88 3.6
PSO-Selection 43 98.61 11.3
PSO-ELM 7 100 874. 2
GA-SVM 7 100 3 158.6
PSO-SVM 7 100 1069.9
ARICT5 3 100 497.8
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Table 4  Comparison of the proposed method with other

method on SRBCT dataset

R T By 1 %? SRR/ FERT/
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T-statistic 35 91.61 2.8
R 36 91.5 2.9
PSO-Selection 69 91.78 10.1
PSO-ELM 4 93.63 627.8
GA-SVM 4 93.65 2 501.4
PSO-SVM 4 93.65 871.2
A T7 ik 3 93. 62 301.5
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Table 5 Comparison of the proposed method with other

method on colon dataset
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T-statistic 18 100 3
(L 3:4 18 100 3.2
PSO-Selection 43 100 10. 8
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PSO-SVM 15 100 903.5
AR ICTT % 9 100 302. 8
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