W40 % 5 TR KXKFEFROT F R) Vol. 40 No. 5
2010 4F 9 H Journal of Jilin University (Engineering and Technology Edition) Sept. 2010

5T oo M 1Y 22 5 ik 5k R IR

XNARE .\ RF ALH T RS A, B AL

(FHAE HHENBZSHAFR. KK 130012)

W EHMEAEREAEE N T EFEAE B EE. AL ERTEFEREE. 2T
HRWERNENA BB THRABIHROMA R LA -—BEASIARREEN T LONE
., A AEHKIEE GEO F GDS2490 fr GDS2491 K EE M H W EE 5 HEH B2 % 4
MHEHRTT AL, TREREW. R NELATUMBBEEEZTRARGHER, 5HER D
EUAM T EAL . TUAERL N R RSN R EE EARIZRAANER, BIETH
FOMAERME, ZFENERKXAAFRRANRETHEE,
EXBRATH®; T HKARHR R BEEL2T; R AK

FESES TPIS XEARERD A MEH/S.1671-5497(2010)05-1308-05

Identification of differentially expressed genes based on meta-analysis

LIU Gui-xia, TIAN Yuan,ZHENG Ming, LAl Li-na,ZANG Xue-bai,ZHOU Chun-guang
(College of Computer Science and Technology, Jilin University, Changchun 130012, China)

Abstract; Traditional methods of differentially expressed genes analysis used only one single dataset of
a study, so they couldnt handle the heterogeneity between studies and lead to inconsistency of analysis
results. To overcome the above shortcoming, we proposed the concept of integration-driven
exclusion, designed and implemented an algorithm to use several datasets of different studies. In this
algorithm we presented a meta-analysis tool to identify differentially expressed genes. Using datasets
GDS2490 and GDS2491 from GEO, we compared this algorithm with the method of significance
analysis of microarrays. Experiment results show that the designed algorithm can identify
differentially expressed genes accurately by integration-driven excluding, handle heterogeneity
between studies effectively. This algorithm provides a new approach to identify differentially
expressed genes.
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Fig. 1 Flow chart of the algorithm
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Fig. 2 Quantile-quantile plots
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Table 1 Differentially expressed genes
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Fig. 4 Identification of differentially Expressed genes
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