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Fig.1 Classified model of gene microarray

data based on manifold learning
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Fig.2 The curve of the residual variance with ISOMAP

*1 FAREIEEZEKNNEXZEANILER
Tab.1 Results of combining manifold learning with K-NN
T R EHER ECES
K-NN 0.7368 0.6429 1.0000 1.0000 1.0000 0.7500 0.3333
ISOMAP
+K-NN

LLE +

K.NN 0.7895 0.6923 1.0000 1.0000 1.0000 0.7500 0.5000

LE +
K-NN

LTSA +

K-NN 0.7895 0.6923 1.0000 1.0000 1.0000 1.0000 0.3333

0.7895 0.6923 1.0000 1.0000 1.0000 1.0000 0.3333

0.8421 0.7500 1.0000 1.0000 1.0000 1.0000 0.5000

R2 REFIHZENBHEIZANSXER

Tab.2 Results of combining manifeld learning with NB

FE RAE BEER A fE &
NB  0.7805 0.6923 1.0000 1.0000 1.0000 0.5000 0.6667
ISOMAP

NB 0.9474 0.9000 1.0000 1.0000 1.0000 1.0000 0.8333
+

LLE
NB 0.9474 1.0000 1.0000 0.8571 0.8889 1.0000 1.0000
+

LE
NB 0.9474 1.0000 1.0000 0.8571 0.8889 1.0000 1.0000
+

LTSA
NB 0.8421 0.7500 1.0000 1.0000 1.0000 0.7500 0.6667
+

MEBRLERTUREN , WEEIBEEF L
FdelE, 5 EERAFRR BT KM R
SR =R Eo g SN T T30
T A Mo B8 4, B4 B 4B R T o 2,
K-NN 3 KB H 0 K E B, SVM 148
B WA I T RS ERESSE, B L
ERIEEIBEESHARN 4S8 WER&
U, RN IE S 7k b A LE RS B 45 R
B BRT 0260 E R IER S 4h, A R RE 4E 5 i 3
WEAETT 7 KWWK MR o R AT ROE.

*3 REEIBEESVMEGNHAER
Tab.3 Results of combining manifold learning with SVM

T RyIR EHER HEx

SVM  0.8421 0.7500 1.0000 1.0000 1.0000 1.0000 O.5000
ISOMAP

SVM 8947 0.8182 1.0000 1.0000 1.0000 0.7500 0.8333
+

LLE
0.8947 1.0000 0.6667 1.0000 1.0000 1.0000 0.6667
0.8947 0.9000 1.0000 1.0000 1.0000 1.0000 0.8333

0.8421 0.7500 1.0000 1.0000 1.0000 0.7500 O0.6667
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A Classification Method Based on Manifold
Learning for Gene Microarray Data

LI Qiang, SHI Lu-kui, LIU En-hai, WANG Ge

(School of Computer Science and Engineering, Hebei University of Technology, Tianjin 300401, China)

Abstract: Each sample in gene microarray data contains thousands or even tens of thousands of genes. It is
necessary to reduce the dimension of the data before classifying them for obtaining better classified results.
Manifold learning, as a nonlinear dimension reduction method, can discover the intrinsic laws hidden in the
high dimensional data and has been widely applied in areas such as pattern recognition. A model combining
manifold learning with classified algorithms was proposed to classify microarray data. In the model, the dimen-
sion of microarray data was firstly reduced with some manifold learning method. Then the data reduced the di-
mension were classified. In experiments, several manifold learning algorithms including LLE, ISOMAP, LE
and LTSA are combined with three classified methods. And the results are compared with those from directly
classifying high dimensional data. Experiments showed that the classification accuracy was great improved with
the proposed model. Moreover, the execute efficiency of classification algorithms was also greatly increased.

Key words: manifold learning; classification; gene; microarray data



