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Microarray data classifier with dimensionality reduction
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Abstract; DNA microarray technologies have changed the foreground of biological medicine, while the
generated plentiful data is the key problem for the application of microarrays. Microarray data have the
characteristics of large quantity, low sample size and high gene dimensionality. A microarray data classifier
with dimensionality reduction proximal support vector machines (DRPSVM). A dimensionality reduction
quadratic programming algorithm is used in DRPSVM, which shows faster training speed and smaller
memory requirements than traditional PSVM does. Using CAMDAZ2000, colon 1 dataset and colon 2
dataset as the experimental datasets, the classification performance of DRPSVM is compared with those of
BP, Nearest, RBF and SVM. DRSVM shows stable classification performance, existing one and only
optimal solution and fast training which is suitable for DNA microarray data classification applications.

Key words: bioinformatics; microarray data; proximal support vector machines; dimensionality reduction;

classifier; quadratic programming

¥ F& B H9.2011-07-20
ESWE BHE T —aFH BB H (2006BAF01A21D) 5 H il H 4R Bl 3 4 ¥ B i H (32S062-B25-037)
TEF /A ELWE 1979 5, 22 B TR 2A 14, BN FAYME B 207 5, (Tel) 139192707745

(E-mail) wlp_cn @hotmail. com,



http://gks.cqu.edu.cn

% 12

I, F . BREMIFQENEASHKES> XS 103

AEYE B — TR X 38 XA TR IR 10 48
Wk AR R, s TR HURL 27 B 2R B A S0
PUFIEA R 55 T A2 W~ B 0F 5 () It o 1 e 1
B IFRE TRy Y o BRI R BR B
TRl 90 AR AR AR W BOR B HIT BT & L KR
filt b3t 15T AR W BRI T s RO N R R 4
R EHE AP A T EEN RS BEER
R AR AT X B840 B 70 B B A B R AE BRI BT T Y
P s PRLGES e A9 10 B o A L R A ) B R Y RE
HOREA (B D 1 B AR IR R B 2K T
o X PRER L R T RE B B R B ik R
G AT R I TR £ BB R A B A A s B 4
63K o FH LA A e 2 i R ALE A0 L R D R

L PRE R B 23 A R T A B RS B )
BT 0 A B B v | B O BCER AS A LAE R A vk
SEL S B PR B A T B AR W B S T R 2R
A, FEAHERFERET EIRKS, B LURRE
BRSO R B AL SRR
G o3 B 0 B SRE I TR R OR, AR
FUN A3 AT ke B AR Ay R R R B
P 2% . DL I S 4 25 R DL By e S R e
HLEE

b S 1 AL (SVMD H T O /N RE A4
AU tEfe , HEIR I C 2 A R Z M
HH T B 7 8s o0 o s S ) AL AT
IR S A% 1Y J5 ik 2 U0 5 & 0 Ay 2 42 5k [ R ik
R RUAA LA T B R R B A R T T 5
2] BRI JEY . kL2014 SVM i ffi J T
M BR (soft margin) » I DA g Il R FEAS & 45 iR
Sy IR R, SCHR21 ] 32 25 B B Al R A2
R PR 2 TR AR AU (1Y) e B L dE b SVML 7R AR
PR 2 TR T8 B al Hh iy o A R T — /N RE S T
Ji iR T092 0 TR, SCR [ 22 1 5 1 36 U5 R E 3 B
(RFE)H AR B SVM H] T8 48 56 A 16 4%, 3K 15 1T 8
I HERRYE . EE SVM ] T JE R 43 A B 0 A7 AE —
L [ A R R o 2 AR B R R ) e ke A R e T
fe I SVM B Al BE JC 15 78 R AIE 25 ) A 4% 21— 4> il
ST B 5E 4 1 43 E L DR AT BE R R O bR O A
i TS A 0 43 2 SO R A B R & 5l 1Y
FRAETEIBC, [R] ) YRR 2 B R i .

12 PR B AE AR T I AR R R 20
UL RN B SCER T — b % R PRES R e
HEAT 43 2 1Y B 4k 3 oL 52 FF 1] & AL (dimensionality

reduction proximal support vctor machines, DRPSVM)
BEDRE b Bude o> 26 4% . DRPSVM SR I T R4 19 — Ik
P B A (H BE R R R B 119 43 28 1] 80 05 45 S X
AR SR ALY TR ) R ) A [ I A T AE G
81 3%+ ) & #l (proximal support vetor machines,
PSVMD) i BEfill b 245 1 47 (9 23 S o i 1 JF B AR
TR BRI S AR

1 34 AR RBITH

o3 28] FBCHE P AR T 3R O - 45 0 — U R B O
MES T.T hiycRidsk s TAEERH®R. 1E
B A BACH — DR R . B ES
R E X=X, X, X ) FR b X0 x4 4k
FEPE . AT LA B A R F . Y — A E e
BN 2 FR %R MO % 2R P (numerical
attribute) , 75 W FK o4 B 5@ 14 (discrete attribute),
HCERRERNEME.C={C .. C}  RIBHEEAR K
MAERZER . B2, T HEE W E T — DK
X BEEMEC WS R H . (XD —>C, 5r 2k
9 AR R TS B Oy s () B i B B 1Y) pR 4
H FoRix.

I3 SR AT LRl T R A 1) 23 2 v g
et AR o T — M 2 ) SR A S IR A
AR B ] 5 BIRS 7 A 43 SRR 1) I A A A AR B 1Y)
Gy RUER I AR B AR A 1 4 R BOR A B 22 . H
S 2 I R A B ok /D B TE R RS R L 2
RS R A PR AR IR A Y 3
FEUER R VE AL 1B AN 58 58 4 S 43 SR R M R 1Y
e,

WK A R Choldout) PRl 12 Ak 43 28 #5781,
25 W BIR AR BELA 73y 2 AT ER s — A
G 7 —MERINASE . R IIZRE S 2/3, M5
di 1/30 FIHIIZREE S 4 2R AL, 711 LAy 284 B %)
DA 1 23 R ME B 3R PPk 3 AR A, WL 1

B 1 REFEMGE



http://gks.cqu.edu.cn

104 ¥ K K FFHK % 34 %
" " oh, (x)  oh (x)  oh (x)
2 DRPSVM E;E:):IL §5H:Eﬁg"§%§ ox OX» oXp
2. 1 i&{ui%rﬂ%*}l ahz(fl‘) 8/12(1‘)_” ahz(I)
e [k OX5 fe)
PSVM 5 SVM fig 3 % X 16 F & {114 1 40 2 NG . ’ o
I S () 24 o0 4% 2 O ] B SVML 5 4 2 IH 485 0 o 48 o '( o ; ) ah'( )
m \ T m W m W
PR EE R L R AT R BRI )8, ) PSVM K428 15 ox ors . oxp
225 L 4 2 24 R0 — Ll B oy (1) By (x) By ()
FUE SVMBE T 4 [ 2 1] 9 R P 1 o + 240 drpa  Bxpn O,
=0 R IER I, HorK R Bl ohy(x)  dhy(x)  dh,(2)
i we 245 =0 M(z) = OXpi1 OXpis ox,
mn{ _ (D : :
—1l,fwex+b<0, : : :
SEofL B R S8 e T b . bR Ohy(x) - Shplx),, Bl (2)
QX pi1 OXpyz ox,

SVM i i >R A 1 i ) LA B B 5 w0 A O

L
Tl T+ e
i=1

yilwez, +0)+& =1.6=>0,
M PSVM i FiB V1 w « o +b6=0 X/ 1E2K.
T H w Ao G 2T R AR o — A A ) R e e

=

min

(2

s. t.

Jmin %(H w \|2+bz)+CZr§f;
i =1

15. t. y(wex,+b6) +6& =1,
3 b, 32 A C3) 1 32 2 A AE T 20 (2)
il A A 2y o S5 0 2 O3 il T 45 N2y o 45 1
XRYLAE SVM b, BN T 2 NP I w » x40
=1 M wextb=—1ZEMEA ST ENEHIRE.,
Ifif PSVM i T3 2 A~ 18 2Z N FLZ A0 AR
AIRE A R 2. Bt IR 2 & nlIE A £,

(3

BRLIAES (3) 9 F R BECT B T e 10 Bk

MRE, PSVM (4328 HAR B 45y i E R R B RE iR
BT w s 2 +o=1, AR BFELEVH w - o+
b= —1,1f 2 A8 2 [a] 4 5] B = R
2.2 BEZRNNEZE

A% (3) . PSVM g ill G5 F 2 2] 1] I S — A~ 4%
N 7 S e /U I 1T NN TR B S |
W] B e K — T 44

Jmin VAR
(ECP) 4)
Is.t. ho) =o0,
f:R" > R,h:R" > R".m < n.P =n—m,
L (of (@) of(x) . af(a)y\'
P(l) B ( 8.T1 ’ 812 ’ ’ 8.Tp ) ’
_ (of(x) of(x) .. of(x)\'
Q(‘T) o (81‘p+1 ’ alfp+g ’ ’ aAT,, ) ’

IR 1: ¥ 2" €R" & ECP WAL %, £ h % S:
A A AR B M) R A7 5, )
P(z*) = [M(Z")7'N(H "0, (5)
EE 2 ARE h(2") =03 M(2*) k41 75 P
() =[M")'NH]"Q2") ] 2° & ECP ff)j—
KT g
W LR "R TR
P(x) = [M(x) 'N(x)]"Q(2) . (6)
Y A M) JE37 55 0 2 & ECP i —4> K—
X2 K - T 4, i1 Tx0(6) A% Lagrange
Ae 1 I PR HEROT AR m 4 (SE AR EO
AR 6) 2 ECP ket K - T &4%F.
T2 A 1 45 =X 29 A — kAR ()

. . 1 - -
min  f(x) = =x"Gx + g"x;
<mw% ‘ 2 £ (7
s. t. Axr = b,

HPGEn MAREME, g€ R A hmXn i

ME.bER" E R A=m A
V f(x) = Gxr +g.V(Ax —b) = A, (8

b K—T &M EQP i) K—T & fhJr

R
P(z) = [M'N]"Q(x);
{Ax—bz 0,

i p=n—m,MJEA T m B & 55 R
FTRM LA PRI SES I R= iy 007,05 N
A PRIRGVH Y m X p HiFF.S RN LA
TG B S=(rajoseag,) o MBLH « 02

XR

9

Bl i

Xs



http://gks.cqu.edu.cn

% 12 4 Eam,F EEEIMIFOEMARLA KBS LS 105
- _(of(x) of(x) | af(a)\T IERR: i T EQP W 2 B st i Y o €
P(x) = Vo f(2) = ( P TR ) ,
i i ip {(xER"|Ax=0}, H 740, WA x"Gx>0; B4 (N
N v r _ (of(x) of(x) .. of(a)\" G G e
Q(J) - V.?Rf (I) - < al‘,-l D) 81',7 ’ 1) al‘im ) ° M) XR :O Hd‘,ﬁ(x[g xi) RR RS XRr >O,
§ X G G Xs

WRETHAON 2 & EQP M K-T &, #

TR M R4 (9) MK EQP 4RIk A
P(x) = Gsx + gs»
{Q(I) = Grx + gr.

b G G W jiajoseesj, FTIRIAY p X 3E
ME.Gr 32 G Uiy iy e si, ATIEIBIY m X n FEIE . g,
JEg W isgosrsg, AT p dET) 5, gr 2 g B
s i, ATTE B m 2 ) &, A5 30 R Yy

(10)

T

e
J(G_\. —(M'N)TGp)x =g, — (M 'N)"gg;
1Ax = b,

(1)
X bR T R Oy e A5 3 7 R4
{GRR — (M N)TGSR Grs — (M™ N)’I‘Gss IR
N M x,
—gr+FWM'N)7g,
_ {[ 8r 8. J ’ (12)
D

Hh Gred& G W jiajoseeesj, SV p X p
I . GrsJ& G Wiy oiyseeesd, BN p Xom
P Ga iz Gs WLjsjoseeeaj, FVET m X p HE .,
Gss it Gs Wiy siysreesi, IR m Xom JE . iC
C=Gx — (M 'N)'G » D=Grs — (M ' N)'Ggs »

b =—gp (M 'N) " gs .tk B R4 (12)715
{c D) [xx {b}
= . (13)
N M Xs b
X I, pM'
M E] M JEAE A A . L E
T (DWW F 15
C—DM'N 0 Xr [b*DMlb
M N I, x| M
(14)

XD FHREVH] C— DM "N A& 5 W7
TR % 5 TR A5 HfE—.

EX LM FVae{z€R [Ax=0},H 2740, F
x'Ge =0, MIFR EQP i /& B 587 1% .

REIE 3. 47 EQP W& B s Pk A 0 C—

Gsi(MilN)TGR

DM 'N 47 &, #tm A i JE A

S A QLD 1 fE—

M MAERS. 15 xs=— M "Noxg. A (xp xD)

Gre
XR
GRS - x}; 1l — ( 1‘471 N )T )
Xs
GSR GSS
Gwe Ggs| (1
xR:xE(GRR — (MﬁlN)TGSR
GSR Gss _MilN

—(Grs— (M "N)"Gss )M "N xg=xk (C—D(M "
N))xg s xg &2 HH R C—DM "N IE & Ik
A5

Gs— (M 'N)"Gy

ZE A (1D -(14) AT Al {A Wi

SRAEAT S, T ARG (1D A R ME — L JIEBE

L 2.4 EQP WL B 78 4 Mk A& A I EQP
FEAEME—f# .

R4 bR B e, 5 R DLAR A5 43 2% ) 8 A L A
M2 R LR SR . BRI

B B R R

Stepl: f Gauss §| F 0K Az =b (/34 ) 45 B 3t
e, 13 5] xx + Nas =b, it NI fE 515l S =
I MABBHE A P HRISHENR=
() slg s si,) s

Step2: ffk#E R.S 135 C=Gs — N'Gyp » D= G
—N'Gys b =N'gr—g.;

Step3:x,=(D—CN) '(b—Cb),xx=0b— Nx,,

Gragosee

T AL e ol 2

XR
X

2.3 DRPSVM ¥ 3 &%

PSVM )24 > 3 #2 0] DL A& O 8 (3) X B 1 £k

PR A L — Uk B 1), X (3) ] A 4 ok R
B

Jmin OB DG b

(15
s.t. (ALALAD) WL BT, EDT = e,
E, O 0
H G = 0 1 0o |, A, =
0 0 CE,
Yiwr o ottt W, w) &
W= s &= , Ay =
VW VW w ¢



http://gks.cqu.edu.cn

106 T RKFFR % 34 A
Vi dataset 4§ 34 KM@ EEA  Hor 20 )k K i 9

JA;=E, .E, RKxm B AL e KR m +n
Ym

+1 450 L, C ARG MR

LA=(A,A, A . x=wW",b",¢DT = (15)
A A ok 2R S 22 SR R LK) ) A RT AR A
) B A — AR SR SR B LA o

4 PSVM JkF K—T &7k it B E
HBE R OCat=m)* Ko m NI ZRFEAR AR, n 2
BRAREE S, DRPSVM [ I 2535 b 8] £ 45 7%
YE b3 K gy R ALK fg i ] TR AR O +
m*) A AW H PSVM I O(n+m)* B
HOGE+m®) . Hom Ml FEA, TR E 2R 0]
iy PSVM 1y 2504 245+ i 25 18] 52 2% B mT /b 50 %%
i

3 KB5S

SEIG R AE CPU 2f Intel P4 3. 00 GHZ ¥L#% I
. NAERN 1 G, 81/ R % A Windows
Server 2003,

T K DRPSVM () 4 7 1 BE L K& 20 26K
JE .78 UCTY 5 A BB i 73 S Hic s 58 b kA7 S 5
SR FEAR R 1/2 WOAEAAE N 2 i BdlE 4 L S
SN 1/ 2 A g IR R A Bk AR DI kR ale
B WA TR e £ 23 30l $h AT 5 U BUE B9 S TEREAE
B e B R

g 530 28 g Rk R PRES B B o 28 1 K EE A
B, T 2k B CAMDA2000 (international
conference for the critical assessment of microarray
data analysis) $ it i) 52 56 B4k  SCHk 23 T84 i K
7 98 B4 — 4E (colon 1 dataset) Fll SCHk[ 24 1 #2419
K W9 B g — 4E (colon 2 dataset)

CDMDAZ2000 F 24 2Pk itk &2 H I CALLD
02 e B I CAMIL) 2 AN BOR 4R . 1E S0 56
B SR TS SOk 25 A TR] A9 05 i 8 32 S0
Kot o3 S Uk B AT AR | 23 50 A it T R PR L I
54k Trainset WP 4L 38 DAEAR, A M E
7130 A Jm e Horh de J5 — A J@ R O B AR Y 2 S A5
Hs MK R Testset £ & 34 ANWIKAE A, J& ¥R
7129 1~,

colon 1 dataset HL& T 62 HEA, T EEA S
A 2000 A JE L Horp 42 DOy RIGFEREA . 20 2R
E 9 ALSURE A UL 6405 550 BB 4 1% 2 5 colon 2

P R AEREAS S T4 5 Sy DR i I e B R R AS A S A
AEGH 54675 DR IR SIHRE A L —2F.

SR A EY SVM 2y SVMTorch, &2 i Hi -+
IDIAP #L#IT & 1. IDIAP HLIg & —2E A HAE
BRIV 0 B 5T BT SR T S L 38 I B BE 5T B
SVMTorch % ]k KR 53 2 [a] i 5 B o i, & AT
DI H A8 2 Fp 4y 2K 3L, & A LM heep: //
www. idiap. ch/~ bengio/projects/SVMTorch.
html [ 4 3% 3K45 .

T DRPSVM f% i [ia] 52 2% 2 Al s [\) B2 2% 2 ©
ZNFEE FAGDAUERT, S F A PR T ILAIT
i AE UCI ¥t 24 5 BP. Nearest,RBF.SVM /4
Jf UE AT RS B L & %8 CAMDAZ2000, colon 1
dataset 1 colon 2 dataset |5 BP. Nearest, RBF,
SVM 732 85 B I8 S8 70 S PR RE L&

3.1 7 UCL Hi#E%E RIS KIBE LR

% 1 DRPSVM 5 H it 5 %K 2§
£ UCL LS EBERE %

Nearest RBF SVM

Data set BP DRPSVM

Liver 80.9 69.7 80. 3 79.6 75.7
Echo 90. 9 90. 3 89. 4 91.5 90. 2
Wine 92.6 84.5 93.6 95.7 94. 3
Va-Heart 97.5 95.1 97.0 98. 2 97.5

Breast 91.8 92.1 95.2 93.7 93.4

W A B MR — B o RS G A B B
A W — 0 K EAE A R s & BRI
A, 7] LIFE 1 DRPSVM 1 #il BP, Nearest,RBF,
SVM 4328 g A o BA IKAF 19 73 R PR RE

M T ] DLW ZE 3, 78 UCT i — 26 50 95 48
I, DRPSVM # 5 #ff SVM 43 28 8 & 8 K. 2
DRPSVM {775 ME— S5 O A » 5] Iof 1] 5 2 32 3 Lo A o
SVM . A it DRPSVM #] J™ 3z I % Il 25 B 8]
TR 3 5, KR DR e B A 43 B s 2 X A 4 i Ay
RE&.

3.2 7£ CAMDA2000 FyERFE K F #E D EK R
bt &

S 25 R w] LWL B B 1) : DRPSVM I SVM
A1 X%} F BP. Nearest, RBF 4325 %% /£ CAMDA2000
B AML Fil ALL 4l 48 R A3 T3y SR IR A
B2 EfE ., DRPSVM 7 AML il ALL 3453 1)



http://gks.cqu.edu.cn

% 12 4 Eam, 5 Bgin

MEBFGENMELARGAXKES>ELR 107

»?if; FRKE & 87.45% ,SVM 1 AML #I ALL 3k

15009 - 2 43 25 K5 B 12 87. 9%, DRPSVM if 2 4%
SVM B&AI% . {H & DRPSVM 13155 & 7% B B IK . 25
ATEH . DRPSVM 7 CAMDAZ2000 |- H 4 # 4 i
FE RS B A SR RE

% 2 DRPSVM 5 H {1 4 % 88 £ CAMDA2000
RSB ELE %

Data set BP Nearest RBF SVM DRPSVM

AML 75.7 63. 2 79.6  87.1 86. 6

ALL 77.4 67.5 81.4  88.7 88.3

3.3 1£ colon 1,2 datasets F HIE FE i 5 B 5 %
14 BE b B

&3 DRPSVM 5H #1422 % colon 1,
2 datasets F )5 KB E LK %

Data set BP  Nearest RBF SVM DRPSVM

colon 1 dataset 83.7 77.6 85.2 93.9 92.8

(o2

colon 2 dataset 31.6 32.3 66.8 84.2 85.5

MNSE B 45 R ] LA B i DRPSVM #il SVM
FAXF T BP. Nearest,RBF 432588 7F colon 1 dataset
F1 colon 2 dataset BUHHEE 1 ARAG T 3471 3L PGS B
Bdla sy K PERE . FEHIJZTE colon 2 dataset [+, I
5245 T colon 2 dataset [ 4E %% 2 B T = i,
Sr2EVERE 2RI T WS . {H DRPSVM 7E colon 2 dataset
PATT 85. 500 M 73 KM 1% T SVM 1 84. 20, &
K J& DRPSVM R HI 1 B 4 19 — W R0 350 125 e 5l
T8 FH T80 2R B SRR A D 1 I R B

4 % i

SEH M DRPSVM JE PRE Fr #5047 25 75 4k
KT PSVM E‘Jﬁtﬂﬂmﬂﬁmﬁ%ﬂ)ﬁﬁ*lﬂ i
B3 SR AN 2R A5 X2 AR kR (] A ) L SR
FH TR ) — W RIS L {13 DRPSVM 1 B[]
BB HE g PSVM B30 O +m)? AL O
' +m*) EEEZREH Ont+m)* EIL R O +
m*), BB EOA FEM SRR ILAML, A B
E’\J'@abﬂmﬂjﬁ%%%luH#ﬁ‘)ﬁt‘:’&ﬁ/ﬁ SVM
] bR o SVM Bk B

AT LI R DR R B g3 26 P R O I 2 s T
S BEAL FHINREAS v 4 B 1) T R 8 T R
LR NI

S 30 -
C1] g, Mg P EEEAEYREL SNBSS RE
(0. s E R C 4. A4 i B 2%, 2008, 38 (10):
882-890.
GU JIAN-LEI, ZHOU YAN. Genome bioinformation
in China: review and prospective[ J]. Science in China
Series C: Life Sciences, 2008, 38(10): 882-890.

[ 2] SCHENA M, SHALON D, DAVIS R W, et al
Quantitative monitoring of gene expression patterns
with a complementary DNA microarray[J]. Science,
1995, 270(5235) . 467-470.

[ 3] HANDL J, KNOWLES J, KELL D B. Computational
cluster validation in post-genomic data analysis [ ] ].
Bioinformatics, 2005, 21(15):3201-3212.

[ 4] KHATRI P, DRAGHICI S. Ontological analysis of
gene expression data: current tools, limitations, and
open problems [ J]. Bioinformatics, 2005, 21 (18):
3587-3595.

[ 5] REIMERS M. Statistical analysis of microarray data
[J]. Addiction Biology, 2005, 10(1):23-35.

L6 1R, Fb. 2B R B o 0 05 i 0F ¢ i
AW HARTEIN, 2007, 18(1) :144-148.
JING ZHI-WEI, WANG ZHONG.

AT

The methods of
classification and analysis of the microarray data[]].
Letters in Biotechnology, 2007, 18(1):144-148.

[ 7 ] KOOPERBERG C, FAZZIO T G, DELROW ] J,
et al. Improved background correction for spotted DNA
microarrays [ J ]. Journal of Computational Biology.,
2002, 9(1) . 55-66.

[ 8 ] DUDOIT R, FRIDLY J, SPEED T P. Comparison of
discrimination methods for the classification of tumors
using gene expression data[ J|. Journal of the American
Statistical Association, 2002, 97(457).77-87.

[9]HSU A L, TANG S L, HALGAMUGE S K. An
unsupervised  hierarchical ~dynamic self-organizing
approach to cancer class discovery and marker gene
identification in microarray data[]J]. Bioinformatics,
2003, 19(16):2131-2140.

[10] GUTHKE R, SCHMIDT-HECK W, HAHN D, et al.
Gene expression data mining for functional genomics
[C] // Proceedings of the European Symposium on

14-15, 2000,

Intelligent Techniques, September



http://gks.cqu.edu.cn

108 TRKFFIR % 34 %
Aachen, Germany. [S.1. ]: IEEE, 2000; 170-177. [19] BROWN M P, GRUNDY W N, LIN D, et al
[11] ALEXEI A S, DAWOOD B D, MINORU S H K. A Knowledge-based  analysis of microarray  gene

(12]

[13]

[14]

[15]

[16]

[17]

(18]

web-based tool for principal component and significance
analysis of microarray data[ J]. Bioinformatics. 2005,
21(10) :2548-2549.

CHO J, LEE D, PARK J, et al. Gene selection and
classification from microarray data using kernel machine
[I]. FEBS Letters, 2004, 571(1-3):93-98.
DANGOND F, HWANG D, CAMELO S, et al.
Molecular signature of late-stage human ALS revealed
by expression profiling of postmortem spinal cord gray
matter [ J ]. Physiological genomics, 2004, 16 (2):
229-239.

FRIEDMAN N, LINIAL M, NACHMAN I, et al.
Using bayesian networks to analyze expression datal[ J].
Journal of Computational Biology, 2000, 7 (3-4).
601-620.

IMOTO S, HIGUCHI T, GOTO T, et al. Combining
microarrays and biological knowledge for estimating
gene networks via bayesian networks[ J]. Journal of
2004, 2

Bioinformatics and Computational Biology,

(1):77-98.

KIM S Y., IMOTO S, MIYANO S. Inferring gene
networks from time series microarray data using
dynamic bayesian networks [ J ]. Briefings in

Bioinformatics, 2003, 4(3):228-235.

ROSS D T, SCHERF U, EISEN M B, et al
Systematic variation in gene expression patterns in
human cancer cell lines[J]. Nature Genetics, 2000, 24
(3):227-235.

LIU Y. Active learning with support vector machine
applied to gene expression data for cancer classification
[J]. Journal of Chemical Information and Computer

Sciences, 2004, 44(6):1936-1941.

[20]

(21]

[22]

(23]

[24]

[25]

expression data by using support vector machines[ J].
Proceedings of the National Academy of Sciences of the
United States of America, 2000, 97(1):262-267.
FUREY T S, CRISTIANINI N, DUFFY N. Support
vector machine classification and validation of cancer
tissue samples using microarray expression datal[ J].
Bioinformatics, 2000, 16(10):906-914.

WILLIAMS R D, HING S N, GREER B T.
Prognostic classification of relapsing favorable histology
wilms tumor cDNA microarray

using expression

profiling and support vector machines [ J]. Genes,
Chromosomes and Cancer, 2004, 41(1) :65-79.
GUYON I, WESTON J, BARNHILL S, et al. Gene
selection for cancer classification using support vector
machines [ ] . 46 (1-3):
389-422.

ALON U, BARKAI N, NOTTERMAN D A. Broad

Machine Learning, 2002,

patterns of gene expression revealed by clustering
analysis of tumor and normal colon tissues probed by
oligonucleotide arrays[J]. Proceedings of the National
Academy of the United States of America, 1999, 96
(12):6745-6750.

BARRETT T, TROUP D B, WILHITE S E. NCBI
GEO: mining tens of millions of expression profiles-
database and tools update[ J]. Nucleic Acids Research,
2007, 35(S1): 760-765.

GOLUB T R, SLONIM D K, TAMAYO P, et al.
Molecular classification of cancer; class discovery and
class prediction by gene expression monitoring [ J ].

Science, 1999,286(5439) :531-537.

(m& & #



