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v 2YES 18T § Jdd. oAde x B 2 e B ol g8 &
FHAAE FF Ax, o) o H&A7IE 7 JFor Aot + stk
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434 ¥ 2= (Empirical risk) R,,, &
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Romo = a5 2lv— Az, o)

ol t}.

A2 #2329 HA3ZH(Empirical risk minimization : ERM)& g2~ =2
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Empinical nsk

Jhl

2% 22 AA gaas AR elaas AT

SRM & VC A3 gjx=18] A s HA43) sk 434 2=

[¢]

B AS vhEdth SRM 9 A& 5, 9 VC AU& Axsr 7 o,

I & 4 91t Ed(mode)® 7 Atk VC A9 gho] &

jul AN -

VC 9&

A4 Qo FeE HAis FAS F= glo] x| 2r)
2.5 g aA o] &

w7t Aw), fect o HAxgkel H7] g% Haxde



oty @At IFFEE BAFE Aw) o A AFA p(w),

HPAFe Foz gk theel 4

L(w, &)=fw)+ X ahw

NN g, = BLA 55 ot
EA%%TE Aw) & 55 AFA p(w), =1, ..... cm %k f hzecl

448t BAZ FoAS W BaFAL B w4 o AHge Av

1o
B

M
S

o FEh of BA wekel REAAFS EFHe] Awat PFaPA

& e 2o
minimize A w)

subject to g(w) <0, i=1, 2, ,....., k

h(w)=0, i=1, 2, ,.....,m.
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Lw, a,8)=fw)+ 3 as )+ 380,00

= Aw) + a'g(w) + B'h(w)

o]t} SVM ¢ F& 2249 22Hdual) Aol tste] Aolstd,

minimize (@, B)=inf L(w, a,p)

subject to ¢ > ()

ot}
Kuhn-Tuker(F-H#A) o]&2, feC! o EE5FFL g, b FAAA
= W 12 HHZANA " 7F HAAel7] 9% deFE e usH 2

< o, g7 EAEE Aot

ow

Q%L(w*, ", 8=0:
aiglw)=0, i=1, 2, ,..... , B
g{w"=<0, i=1, 2, ,..... Lk
a: >0, i=1, 2, ,..... R
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2.6 A% SVM

2.6.1 SVM ¢ &

SVM 9] 7]9¥& 19609 th= A&e] Stk shA vk 19951 Viadimir
Vapnikel  9a AMEA diFEAd. H+ 2 dd SVM 214
(hand-written character recognition), %7 ¥ (image classification)<%}
biological sequence analysis 52 A AzNA 534 FPHct= Zo]
THEATE SVME] 542 7hest B2 HoHES 7Hegk dE F 9

Ao rw  HEygA7]:= HAHY  ZHd(hyperplane)S = Aot

2

(Markowetz, 2001).

Ansel  FEsk Agom  wwel Awd A

(w, x)+b=0, weR", bR °l st &= 24 =

Ax)=sign((w, x)+b)

2 A7 wAh HPoR )0 FAsR @we] sd 4 F FeYsE
st PHe oy b olth olF AH WS Musor s ol

Fad BACl BF 2AwN FAAR AlolE 1ol At Fow

Separating Hyperplane)S A& ajjoF 3t}
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2. 6. 2 OSH(Optimal Separating Hyperplane)2] T

teel 48 Sk wANE w (Jwl=D 9 A5 bt 24 @

o FEAE X:{(xl, yl), ..... ,(xn, ¥ x,€R", yie{—1, 1}} =
299 (w, 0+b6=0 o 9ot BF Aen weln, oleld zuw

W Helar gk (Markowetz, 2001).

o
Mo
Hu
B
o

PR 2WW H o FEAR g, Aolel AdE vhd(Margin) y(w, b)
olgta s, WHES HF S ={x, 19, ..... xytel W@ mpEe
y(w, b) °lth vhold FFxAWa} AzAbele] Aglel Haglolw 1

Aqe gest 2o

r{w, b) = y((w, x,)+b)

7w, b) = min y(w, b)

xS
olo] tiste] FHEHT Xl tiste] OSH & v o] Ao i,

*

(w*, b*) = argmax y,.(w, b)

w, b

ol zye foetth OSHE vhE Aus she BAE L wls

Axsh s FAsh 2tk webd OSHE FEs: AAH FAv o
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minimize

1 2
9 |||

subject to (w, x)+b>+1 for y,= +1

(w, x)+b=<—1 for y,= —1.

zt= EE3%(Convex function)

o

2 Aoy HEAETFE &
ojtf. o FEAE AIFAL 22 ZE a9 (Constrained Quadratic
Programming) ©l| ¢lste] F+3] Xt} oAl Wi & AF&ste] HAS &

AE BW BIFAL P4

[l

g Ao

=

el

[

_]_ N
Lyw, a, B)= 5 ] + ;ai[yi((w, x)+b)—1]

7

ojtl. L oAl wet bs FHA3F A7)+ H4H (saddle point)e 12 (primal)
of thsle] HWE 3},

Lp(w, a, =0

Lw, a, f)=0

N N
ol 3= u):l;aiyixl- C Rew=0 & FIFAL ol ddsu

N 1
Lyw, a, B= ;ai— 9 aayyx; x;)
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olt}. o] HEAlo] 23} (dua) A= 2 &4

N
maximize L (w, a, B)= ;ai_%aia]’yﬂ);’(-xi, x;)

N
subject to g; > 0, Zafl-yl-ZO
e

S} 2ol ®tEo] Xtk OSHE T-=3H7] 9el 22HDuaDEAlolA £ AT of

£ ojo @t} o] ghow

o
-+
o

T 5 otk WE 0 2 AM 29 odx W 4 Ly(e) o A

o], OSH 2] w}xl 7(1,0*)%

A= (2 a)) !
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ol#A WEolxl HA WA wA 2 W] ol FaAAmo
9 geHE B $5ES 0 Ho AAW e Ansd g o
A S4E 00 A old@ Avse wd 23w g# [l Foli

SRR

AN

H : (w, x;)= +1

Hy: (w, x;)= —1

Yol Eolx WMEES A X HWE(Support Vector) & dc}. sFA vk nf

P
P
o)

melel Fol dvhal siM EF AAMEZE He A2 olduh g, ¢t
vi(w, x)+b—1F #°l 0 °] 5= 4% ] A2 vk =49
shAIRE A A WE = oy th(Markowetz, 2001). A AW E o] gt o} 17hA]

S50 g ond AANEE e e 2 + A

Wil psd AR A5 e PHn 2ol 4§l

2

O
k3
EY

3
ok
4 B

{1 %% (Hard Margin Hyperplane)E ©] &3}

rl
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&= max{0, 1—y((w, x;,) + )}

2 A @ 98 WEs 10T 20 HW QRFE, 03 1 Aol e b
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=
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S TTIN U .
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ojt}. o] A& 2xHE Al A&t EFWH HA S A=
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- _%hzleaj__L i

,7=1

N
subject to g; > 0, Z‘a’iyizo
pa
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s Grieky] feid SAeAA WHE (0(x), 0x;))= At
ofF gt} o] Y3t He A2 54 EAFILF o dssieE A o =
Ad g4

K(xz', x/‘): @(x,—) @(xj)
S AMgsto g EA T A7 (Scalar product) S E3A 02 A
Abek o9tk aYeg A9 Fes

Ax) = sign( Zﬁ‘iyiaik(x, x;)+b)

ofth. AMHOE Wol AHgHE

A

d3tr2 = 7F9Al9F RBF(Gaussian
RBF(Radial basis function)) g 3$4 , that2] (Polynomial) AE s, S &
& (Sigmoidal) AE &5, 9 tholx(Inverse Multiquadric) AE st So] QU

7.

RTINS
Gaussial RBF Kx, v)= exp(_uxc—ﬂl_ )
Polinomial ((x+- v)+86)1

Sigmoidal tanh (k(x-y)+0)

1
Vilx— ]2+

inv. multiquadric
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:I'.' -;'-.1 wgighi=
4 L} i cOnpanisan: «.g Rk ||_-:_|_'_'|':|']
+ * Rix 1 peexpi =l -3 7 /¢
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2. 8 Multiclass SVM

2.8.1 4 o tHRest) BA

el APFE SVMES Zessk 24 ASE A ARt o
A AR vHEeA HE ARES 24 olgel A7t vk oldd B
A

ARES Vi9 Fe2E A A AW BB A el gtk

flx)=sign((w,, x)+b,), k=1, 2, ..... , N
+1 if x belong to class £
fk(x)z
—1 otherwise
S et EF PE2 Ax)=(A"(x), £, (x), ..... , £ (0,

£ ) =(wy, x)+b,) &8 x B FF £(x) o A gl dsate

el Hdota AAsie 1 A2

F'= argmax f. (x)
k
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+1 if x belong to class £

fkl(x):
—1 if x belong to class /
olty. o]FA wtEoX AAZ}FE WHolm® £, =—F, °l3, f£,=0 °I
i, WA= AATFY MFE p(n—1)/2 oItk BRFALS f(x) B
AU st A 7= k = x7F o st O A2
fk(x) = l;sz(x)
ol o},
2.8. 4 AHHIH
TAdE X={(x;, v;): i=1, 2,..., [}, x,€R", yv,e{l,...,n}

oMo AdY EF7bsetA € A5 A5 Ao v 7719 HAH3 &

minimize -%— kﬁ1||wk||2+ Ckzn:”ig’f
k

subject to (wy, x;)+by—(w,, x;)—b,=1-§&
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for y.=k

where &>1, m+k i={1,...,1,}

ojt. olel WF AATT=

Ax) = argmax fi(x), filx)=(w,, x)+by)

k

ojt}t. of 7)ol Al FexvF 27 A wie} fEHS EE n v
A Hallete Aelv 1&g At gt disto] bR AS Far 24

(Dual) o thdt gt1gx|ot st4=

©
iy
R
[>
=
R

maximize [, (a)
_ Z b k,m 1 2 ko komy k P
- ;1 rgk[z: a; = 2 mz#k(iglai a; (xi, x]')

lm lzﬂ lk l;,*""
kom'k : kom*y k
+ ;}Za?’ a" (1, xf )—2;];aj’m (x7, x7"))]
subject to

0< n;ka/?’ "< C

U L
kym __ R _
5, Sekr= B[Rt k=1
mF ki= mFk j=

oW, HEAoR FAAE T
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expressed sequence
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skl
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Aoltt. AlwelA
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buhel o
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bubel Aol 4
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Aol ofue}

to] T}, whehA

=
[¢)
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wsle] HkyE = A 7] (organism) 9]
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ol

thH(Chan 2000).

B

el

Bl

ol ]

RDA (representational difference analysis), SAGE(suppression substractive

DD-PCR(differential

hybridization serial analysis of gene expression),

display PCR) 1211 ¢cDNA-microarray 7} $lth.
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Foll A o2 Fd4

=
-
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¥3, 54 438794 27 ve Az APE mRNAS G4 st
fa750] o cDNASH 53 ol
Aol wd A7k wobth F £ A FARl da A

2
At o g 3 AL wWagte=(background)Z A2 st & 3 %
3]

rﬁ
iy
(@)
)
Z
>
ﬂllﬂl
=
<
o
3.
2.
N
Q
=
o
=)
Ol
L
)
Jm
o

72 heat shock ¥ #& 53¢ o2 3r})e] cDNAZE dnpv 24

(serial analysis of gene expression) Y} ¢cDNA microarray ©|t}.

3. 2 DNA microarray®] #|2t 3 &4

Watson and Crickell 2]3te] DNAQ o]F v Fx7F 93z old A
st g9 W) At (hybridization) 71'H, PCRs9 &AL AW Ao &
A} oA olsfol AA V|ostAYh a8y EFE 24 V) TE e A

HooAdde @A olsle= At Alw Z=EAE(HGP:Human Genomic
Project) ¢t 2 AAA olslE & + U= AFY Fado] dFHIAth
20039 F& 1 oldel mF B @AVIAES 1 7)eE oldstE 3o
dadola oy A A DNA FHo] 7BE= vk HGPS DNA o 2
g g&H0E &&al7] st A=+  Functional Genomics®] A

= et s gl
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Microarray= DNA F-& & nlo]e Holgtax E9$w {3
nitrocellulose membrane &< A& 2o target DNA (cDNA HE+&
Oligonucleotide) & &<l Zolt} 354 Z& WALA 59 9422 324F
S (probe)# Azt AlA A Hd AR, EA wWole] 2l single
nucleotide polymorphism (SNP), 2" <] X high-throughput screening
(HTS)& ol A& 4 St

Microarray At = thi-2o] g 4] A=E5S 7FA L Utk 9
of 5719 AMFF 299 whHEo] Qv A2 2Ade AFolA F 100,000 7N
of w7t A kA A HdEH L Y= HFHE ol &ste Ao
olef gk Wit ¥ AmE sAstal HElst= Aol dasi Az o s

3

7HA @AlE A 59 #F3HData normalization), AF5 2] HEH

s
I

_—

(Data filtering) —22]a1 3J¥1<Q14](Pattern recognition) ©|t}. & 3}# o= wt
e+ nlashry] fske] WkEA] = SHnormalized) ¥ojoF ot thEo
2 datax AAZ A7|E x-do] Hojof .

3. 2. 1 Microarray®] A=}

Chipe Al Ztete= 212 A4 713 $1el oligonuceotide® 2% &4

WA 38 e TEFE target DNAE 7|3 flo A= WA o2 yx

].

Oll

i
ks

A= W =A chips Al &tste 2ol A @i ¥l photolithographic &
orow AdE Zew 3 WUk Ao Jhedk Wb target DNAS] Zol7}
20 nucleotides W& = A== whido] vk AWl Ad F2 SNP <
T 5ol AHgslh. wbH cDNA microarrays So]d fA e wa o] oA
o] wWo] 3851 poly L-lysine, amine, &< aldehyde® coating® <t}o]

Q9 target DNAE Al+=t}. DNAZE plottingdt+= WH-2 piezoelectric W

i
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NS o] &3 micropipetting ¥ (Gesim, Nano-plotter) S°] om o]uj
Spot ¢ A7A =A7]E= 100 mm WL 7F =™ ¢k 1000 spots/cit A E7F Aozl
th ol &efol= o] plotting &HE Il stolof Frh AWHA O

SSCEHS A&ty Sodium bicarbonate buffer 22 MicroSpotting

o
f

Solution (manufactured by Telechem)% S AlxEslo] HZ o A8 ZdS

Ssholof g}

3. 2.2 &9 A=A

)

ELx]1 S DNAChipe 97] Ad3 Az ArZAe AdS

AGAE el BAFS AYI WA FEHaA S 9]

o
3
32,
2
L2
g

L

MEL & FAAeE fFAde]l Ao ald At SolHdl MdS Ad
sfojof sl e mRNA 52 cDNAZHE PCR £+ RT-PCRS §3}¢
g3 Az Al Scanner®] LASER <ol webA 12 staztels &3 &4
o] EFH{E ZAASoF Ft}. = Excitation wavelengths, Emission
wavelenths 3 Emission filters& i#lstolef gttt PCR A= BA] &t
(PCR purification Kit Telechem) AF-&3t+= A o] v backgroundE YERH
=3

3. 2. 3 Hybridization

Cover glass oAl A%l  probeE AFE3F] o] Fo]X]

Hybridization cassette (Telechem)E A}-&3l9] Ald =% probe? XS

Wx]slo]oF &t} Target DNAQ 9Fo] probeX.t}h ¢F 10v] o)A %] % ofoF

u
E
it

HE 5= F9 linearityE &91& 4 9tk E3$ monovalent cation<
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Heteroduplex®] g4l =&& FEZ HZHo JHE AEstol 3.
hybridization =%+ @7 Aol we} t=nm FPHor AAstolof st
v dubA o7 oligomicroarray (25 - 42 C)7F ¢DNA microarry (55 - 70
CT)RT ¥ &5 aPH},

i

3. 2. 4 Scanning

ol = =

MicroarrayS = X+ CCD camera system, non-confocal laser

scanner, confocal laser scanner & =LA vt} CCD camera system-
2 A% pumerical apeture’} & wHo] Qi (Courtesy from GSI
Lumonics) onconfocals< Z+&9o] 7Fdsty background artifact”} =t}
A 2+ artifacte] A4 backgroundZ™ oA £ Wl confocal systeme] 7}
Z vFA ST, Scanneroll Al AR EVE =& AS A7 FHS pixcell
resolution®] € a3ty A} 5 m7tA] 7}s3Ftt (ScanArray 4000, 5000 GSI
Lumonics).

Tk =2 sensitivityE 7] #15te] o9 AMS a1y ste] AdEsto]of
Sk} 5 excitation power, the numerical aperture, the transmission filters,
the PMT voltage level, number of scans of the image that are summed
together. ©l¢t #& HE& st dA 7HE =2 sensitivityw 0.1
molecule fluor/m2% % o] dt}. T3k t}3k LASER source: probe? #4)
¥ #FHo] Qlom=z FE3| aystolof sl Microarray 9 Aol
QuanArray (GSI Lumonics)®t Imagene (Biodiscovery)e] AF&% a1 It}
Biodiscovery web siteE W+ 3}H Demonstration &4 9] #|gte &% Z g

23S down load ®Hbo} AREE 4= it}
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3. 2. 5 cDNA microarray chip A4F 2 7

c¢DNA microarray chip< 7}
=5 At dAd =fol #
g Ao m AN & Qe Zlojth. AIAAS HAyEyY WA
Mol 2 S0l A& AXEZFEH mRNAS FE30 (Duggan DJ
et al,, 1999). °]& mRNAE <& A}l (reverse transcription) A1 Z wj Z+7} v
2 A7z d% BESs W AVE Aol w3 A (Cybely =4 (Cy3)
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o @bl ackad Qzte]l HAA WA PAAS Ax el o HA
!

Microarray ®lo]€¢] xF3t AQdele ZA F/HAR 2T F vt A
HAE dolge RF:TAS Adsts 3ola, + WHAE HirgdolH
Ns Ndets ottt ey xF4de] AP Minimal Information
About a Microarray Experiment (MIAME)S. 2 E@= EJolA
microarray HolH 43 &85 9A microarray A3 olA FEEolof
g dlelg e TR 1 HolHE T#dESs e ¢ Ae ET
HoelHE 4% wo] Alget 43 =dEdd gt #7489 %<

1S T2 9 AEARE A4 (European Bioinformatics

=5

—

% Aas

¢

Institute)®] Alvis Brazma< %= 3}o] Nature Genetics #dol
"Minimum information about a microarray expriment (MIAME)-toward
standards for microarray data’#t= A& o= &334

)]

T WA= microarray HlolHE AEstn RAE £ e FHIFH T

Hd
o

nhE st Aoty o] EAlE slAsty] 913 A2 MGED(Microarray Gene
Expression Database) 3 3o sk OMG ZZFolA x7]o] AQts] o,
A v= wWEGl = A xyol FHUEe] Paul Spellmane] ©]11:=
2wl 9l MIAME dHolHE Azt destr] 918 £+ vty

g el MAGE-ML(Microarray Gene Expression Markup Language)”}
Aotz o] 2}, o] MAGE-ML+E= XML(eXtensible Markup Language)ol] 7]

WHS & microarray Ho|E-& HolE X Wolw tiFEe AETHE ARES

rﬁ
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A 4 R AAREE o]&3F Multiclass classification

4.1 Bof Az AA

Microarray Gene Expression A& E SVM Multiclass 5o 485 9
g AFE st oY JhA G 2o A5 E R150 ZR2IHS o]&s)
of st 2o AY As= dEad 249 AR AAPHAL
7y o 50 A, ARt e 2002 AAE I e Azl g EX
= g% AgEXE VA E Y. EE2] Microarray AHRES Cy39
Cybel 2aH|E AMgstu®, B9 ARdAME 209 g T3tk 270

w0 @Ael thske] 20%¢] FAdAE Ao AR FAH S5 20%

of Wil ARl e Cysel HlE AEA Tk uewe] F§ 2o
002 Fol foldtd we woz HARAh Y4H oY A AR

Fole 74 29 Fod A el 2aue Rl B BEHA F AL

o 2aH|e] ZolE vEA & AF, 29 AolE AA & B #F
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Cas=] (50
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yi—log(G)-l-e, e ~MVN (g, ) i=2, 3

Sof daiAE v wEAA AAHATL T F
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PR

vi=¢e, € ~MVN (y;, 2) i=1, 2, 3

AAR AzE FUAAE} AHAAER Yol FARARE o §ste] AL
el AAARE ol&ste] EIE HUF it THEARE AMEHE A=

o 9 1007he] 3, AAAEE AGH AR 5070,
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wgold 2oE A4R AR AP lnear AYTFE Al

(case)ell tHate] mpxlgts 73ko] 2x2 table® UERW
Ao HrtgdEELe 7+ FY 29 Uste]  True negative(TN), True
Positive(TP), False Negative(FN), False Positive(FP), A& (Correct
Proportion:CP), 2% &(Miss Correct ProportionnMP) #< T3ttt TN
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caseld 31432 33

S

True Negative(TMN) [False NegativeFM

|Falsa Positive(FF)  [True PositivelTE)

a9 42 B2y s

ofl,

7w

4.3 29 4gAES A 4

o] 7}x Feje =z thdte] p-classification WHS A& H¢

48 BEghe et gol Atk

_38_



Accuracy
(o]
RaBoelfglfgdqd

02 03 04 05 06 07 08
n

#SV

98
96
94
92
90
88
86
84
82

02 03 04 05 06 0.7
nu

a9 43 3 FAR loghl o) Aol7t 10g20, =19 we] BFA

o

_39_

6.2 92
R / a0 —
%38 /
>96.6 88 /
[}
%:»‘2‘ cinse / o
= 9% \ 84 ¥
us8
82
u6
M4 80 _—
02 03 04 05 06 07 0.2 0.30.4050.6 0.7
n nu
9 44 22 FAR loghl o) Aol logd0, o=19 We] BFA
6.2 90
5} + + /
/ 88
%38 /
86
%6 /
%4 - 84 » Ty
o 5 2 ., //\/ [—e—#sV]
%
80
s
X6 78
%4 76
02 03 04 05 06 07 0.2 0.30.40.50.60.7
nu nu
7Y 45 FE FA7 loghlel Aol7k logd0, ~19 we] 54

o



8

Accuracy

8 & 8

o

i
g
#SV

89.5
89
88.5
88
87.5
87
86.5
86

0.2 0.3 0.4 0.5

nu

Y 46 T FAA loghl el Aol7} 1og2.0, ¢=05Y w ]

100.2

Accuracy

i
]
#SV

80.5
80
79.5
79
78.5
78
77.5
77
76.5
76
75.5

0.1 0.2 0.3 0.4 0.5

nu

H A7 1 FAA] logHl 9] ZHel 7} 1og3.0, =059 W] RFFA

Accuracy
3

i
]
#SV

88
86
84
82
80
78
76
74
72
70
68

[——#sV]

0.2 0.3 0.4 0.5

nu

_40_

a9 48 8 FAA loghl €] Aol 7k logd0, =05 wWe| ®FF




76 100
75 99 o
74 /\/ 98 //
73 97 /'
372 96
s % o A
<0 94 \/
69 93
63 92
67 91
% 90 L L L L L
02 03 04 05 06 07 0.2 0.3 0.4 05 0.6 0.7
n nu
2% 49 w8 $049) logh el 2Fol7} log2.0, =29 ©e] w3
85 %
gl v N
85 [ % /
s AN i}
cws - //
g & gw
<815 V /
8l 0
%05 -
0
795 )
01 02 03 04 05 08 07 01 02 03 04 05 06 07
n n
a9 410 8§22 loghl o] Aol 7t 1og3.0, ¢=2¢ wje] BFFH
o %
. — . /
ges > //
E 2w
O 85 /
&8 ol
%
- 83
) 8
02 03 04 05 06 07 01 02 03 04 05 06 07
nu nu
S 411 2 FAAe) loghl el Aol 7k logdl, 029 We] mFEEA

_41_



I 412 A9 logHl 9] ZFo] 7} 1og2.0, logh.0, 5=0.5

120 &
8 —
100
® 8
3
o >&
3 e ]
© )
<C
0 78
2 76
0 74
0.1 02 03 04 05 01 02 03 04 05
nu nu
)]

a9 413 F21A] logHl 9] 2ol 7} logd.0, 1loghb.0, 5=0.5

%2 %
o £ *
s \ / @
_®6 &
) 86
S B4 >
: Fos —
32 o
< \/ &
® &
®8 %
®6 76
w4 74
o1 02 03 04 05 o1 02 03 04 05
nu nu
[e))]

8
o

Accuracy

0.1

02 03 04 05 06 07
n

E
#SV
8 8 ¥ 8 8 8 8 ®

i -
o—/ y
0.1 02 03 04 05 06 07
nu

a9 414 5329 loghl 9] el 7k 1og2.0, logh0, =1 wWe] H=3

_42_



835 100
8 — 8 —
&5 B
§ 2 A
: o] | 2 A
2815 £2 T
81 0
80.5 83
80 86
01 02 03 04 05 06 07 01 02 03 04 05 06 07
nu nu
a9 415 FAA] loghl 9] ZFol 7} log4.0, 1ogb.0, o=1¥ wje] =434
81 A /
r
80
/ 0
& / 8 /'/
378 > 8 /
g 2u
<C
76 —+ + + ¥ &
80
75 78
74 76
01 02 03 04 05 06 07 0.1 02 03 04 05 06 07
n n
2 416 AR logHl 9] zol 7} log2.0, 1og6.0, =29 W] EFF74
845 102
100
o .
)83,5 % /
g 8 o
S sni% o
<85 /
8 o
83
815 %
81 84
01 02 03 04 05 06 07 01 02 03 04 05 06 07
nu nu
a9 417 FAA] loghl 9] ZFol 7} logd.0, 1logb.0, o=2¢ wje] =44

_43_



¥ 41 2o AEE olg3ste] FHH HI( y-classification)

log ratio

casel case? o v
0.2 0.4 0.5 0.1
1.0 0.5

2.0 0.5

0.3 0.6 0.5 0.1
1.0 0.5

2.0 0.1

0.4 0.8 0.5 0.1
1.0 0.4

2.0 0.4

0.2 0.6 0.5 0.1
1.0 0.4

2.0 0.5

0.4 0.6 0.5 0.1
1.0 0.5

2.0 0.4

C-classification ¥l A9 FAH cost 7S LOO HMHE A& A¢
cost ate] Wslo] wel HFEF} AR HEH ] Fo WslE gk T B

ol AFEE = AAHE O F(norm)e] FEe] Wstel wEbA 7H A

gk cost #te Attt olFA A cost gt 1= A AT

)

>

4 2ol Atz B

ot
ot

sheb 73}

o2t

wgel Bt B F ARFECP)} LEFEMP)Y AFEE Eo]/|

_44_



A ofA TN}

o

Fel 100

S

‘(H

ol

7 A3E e AT

|

Dz

_45_



3 42 79 log H] 9 x}o]

=

o

g 5587 U2

499 wyel Bt

Classification Gap of log ratio
lass Parameter
Parameter log2.0 log3.0 log4.0
TP 20 19 18
TF 27 41 32
FP 3 0 0
FN 0 0 0
Casel  (p 0.94 1
0.960+0.02" 0.999+0.004" 1.0+0.0"
MP 0.06 0
o 0.040+0.02" 0.001+0.004" 0.0£0.0°
TP 11 15 16
TF 36 33 33
FP 3 0 1
FN 0 2 0
CaseZ (p 0.94 0.96 098
0.962+0.023" 0.962+0.023" 0.958+0.025"
MP 0.06 0.04 0.02
0.037+0.023" 0.037+0.023" 0.041+0.025
TP 14 24 18
TF 32 26 32
FP 1 0 0
FN 3 0 0
Casel  (p 0.92 1 1
0.9592+0.0275°  0.9986+0.0058" 0.9998+0.002"
MP 0.08 0 0
0.0408+0.0275"  0.0014+0.0058" 0.0002+0.002"
¢ TP 17 11 18
TF 30 37 31
FP 2 0 1
FN 1 2 0
Case2
Cp 0.94 0.96 0.98
0.9526+0.0269"  0.9486+0.0354"  0.9562+0.0289"
MP 0.06 0.04 0.02
0.0474+0.0269"  0.0514+0.0354"  0.0438+0.0289"

* . number of iteration =

100, (meanz*s.d.)

_46_



el zAA vERG AR folgh fFdRte] tigh loghl o] Aol7b F4E
O 2 234s YeEAT = Cybe A&7t =4 vHEtgsE o A gt
A &EF/Fs Wk classification® &<l C-classification ¥

—classification 74 F/F EFERol skl 1 Aol= AA YELYA
eS¢ F Ak F of weh HAHe ByoMs EReddls
Aol 7F ittt

ool [E43] HE [E 45] & EFEHel w2 Ao Riorel 7}
Cy5¢] manlo] zpolol X el ofe] 74x] fAxte] we Ry e] 7t AxE v
EF S

L

==
=5

_47_



3 43 9l logHl 9] AFel 7t log2.0 € A Al wE 2o F7t

Classification Standard Error ( g )
Class Parameter
Parameter 05 1.0 2.0
TP 15 20 15
TF 34 27 29
FP 0 3 1
Casel N 0 0 >
CP 0.98 0.94 0.88
0.994+0.009" 0.960+0.02" 0.8654+0.0516"
MP 0.02 0.06 0.12
0.005+0.009" 0.040+0.02" 0.1346+0.0516"
m TP 21 11 10
TF 29 36 32
FP 0 3 1
Case2 N 0 0 !
CP 1 0.94 0.84
0.995+0.009" 0.962+0.023" 0.8752+0.0520"
MP 0 0.06 0.16
0.004+0.009" 0.037+0.023" 0.1248+0.0520"
TP 17 14 17
TF 33 32 27
FP 0 1 4
FN 0 3 2
Casel
CPp 1 0.92 0.88
0.995+0.0095" 0.9592+0.0275"  0.8728+0.0535
MP 0 0.08 0.12
C 0.005£0.0095"  0.0408+0.0275°  0.1272+0.0535"
TP 16 17 7
TF 33 30 36
FP 0 2 3
Case2 FN ! L 1
Cp 0.98 0.94 0.86
0.9936+0.0093"  0.9526+0.0269°  0.8762+0.0446"
MP 0.02 0.06 0.14
0.0064+0.0093"  0.0474+0.0269"  0.1238+0.0446"

* . number of iteration =

100, (meants.d.)
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¥ 44 79 logHl 9] #o]7} log3.0

A A5 WA whe wPel B

Classification Standard Error ( g )
Parameter lass - Parameter 05 1.0 2.0
TP 20 19 15
TF 30 A1 33
FP 0 0 2
FN 0 0 0
Casel —p 1 1 0.96
10 00’ 0.999+0.004°  0.9758+0.0222"
MP 0 0 0.04
00 00" 0.001£0.004°  0.02420.0222"
e TP 19 15 18
TF 31 33 27
FP 0 0 4
FN 0 2 1
CaseZ p 1 0.96 0.9
0.993:0.0134°  0.962+0.023°  0.8696+0.0445"
MP 0 0.04 0.1
0007+0.0134°  0.037+0.023°  0.1304+0.0445"
P 14 2 20
TF 36 % 27
FP 0 0 1
FN 0 0 2
Casel 1 1 0.94
1.040.0" 0.9986+0.0058°  0.8728+0.0535"
MP 0 0.06
. 0.0£0.0" 0.0014£0.0058"  0.1272+0.0535"
TP 20 11 9
TF 30 37 35
FP 0 0 3
Case?2 FN 0 2 3
CP 1 0.96 0.88
0.9954+0.0003°  0.9486+0.0354°  0.8762+0.0446"
MP 0 0.04 0.12
0.0046:0.0093°  0.0514:0.0354°  0.1238+0,0446"

* © number of iteration = 100, (meanzs.d.)
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3 45 o log Hl9] AHol7t logd. 0¥

Classification Class Parameter Standard Error ( g )
Parameter 0.5 1.0 2.0
TP 20 18 13
TF 30 32 35
FP 0 0 2
FN 0 0 0
Casel
Cp 1 1 0.96
1.0+0.0" 1.0+0.0" 0.995+0.0095"
MP 0.04
- 0.0£0.0" 0.0£0.0" 0.005+0.0095"
TP 13 16 16
TF 37 33 32
FP 0 1 0
FN 0 0 2
Casez p 1 098 0.96
0.9924+0.0119" 0.958+0.025" 0.8792+0.0473"
MP 0 0.02 0.04
0.0076+0.0119" 0.041+0.025" 0.1208+0.0473"
16 18 13
TP 34 32 34
TF 0 0 2
FP 0 0 1
Casel N 1 0.94
Cp 1.0£0.0" 0.9998+0.002" 0.8728+0.0535"
MP 0 0.06
0.0+0.0" 0.0002+0.002" 0.1272+0.0535"
¢ 17 18 13
TP 33 31 28
TF 0 1 7
FP 0 0 2
Case2
FN 1 0.98 0.82
Cp 0.9948+0.0096°  0.9562+0.0289" 0.8762+0.0446"
MP 0 0.02 0.18
0.0052+0.0096"  0.0438+0.0289" 0.1238+0.0446"

* . number of iteration =

100, (meants.d.)
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¥ 46 9 loghH] 9 o)7F thE A (0, log2.0, logh.0) Axfol] W& R3] 17}

Classification Class Parameter Standard Error ( g )
Metod 0.5 1.0 2.0
TP 16 12 8
TF 34 36 36
FP 0 1 5
FN 0 1 1
Casel — (p 1 0.96 0.88
0.9972+0.0069"  0.9542+0.0298" 0.8824+0.0533"
MP 0 0.04 0.12
o 0.0028+0.0069"  0.0458+0.0298" 0.1176+0.0533"
TP 16 20 22
TF 34 30 26
FP 0 0 0
FN 0 0 2
CaseZ  (p 1 0.96
1.0£0.0° 0.9988+0.0055" 0.9758+0.0209"
MP 0 0.04
0.0+0.0" 0.0012+0.0055" 0.0242+0.0209"
TP 15 17 18
TF 34 32 28
FP 0 0 4
FN 1 1 0
Casel  (p 0.98 0.98 0.92
0.995+0.0091" 0.995+0.0091" 0.995+0.0091"
MP 0.02 0.02 0.08
C 0.005+0.0091" 0.005+0.0091" 0.005+0.0091"
TP 16 15 17
TF 34 35 32
FP 0 0 1
FN 0 0 0
Case2
Cp 1 0.98
1.0+0.0" 0.0£0.0° 1.0£0.0"
MP 0 0.02
0.0+0.0° 0.0+0.0" 0.0+0.0"

* . number of iteration =

100, (meants.d.)
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47 79 logH] 9] x}o)l7} thE A (0, logd0, logh.0) HAx}ol] WE R 17}

Classification Class Parameter Standard Error ( g )
Metod 0.5 1.0 2.0
TP 19 16 13
TF 31 34 37
FP 0 0 0
Casel N 0 0 0
Cp 1 1 1
1.0+0.0" 0.9998+ 0.002" 0.9968+0.0093"
MP 0 0
o 0.0£0.0" 0.0002+ 0.002" 0.0032+0.0093"
TP 17 13 10
TF 34 28 30
FP 0 6 2
FN 3 3 8
CaseZ (p 094 0.82 08
0.908+0.0414" 0.827+0.0515" 0.749+0.0599"
MP 0.06 0.18 0.2
0.092+0.0414" 0.173+0.0515" 0.251+0.0599"
TP 17 13 16
TF 33 37 34
FP 0 0 0
FN 0 0 0
Casel CP 1 1 1
1+0" 1+0° 0.9958+0.0091"
MP 0 0 0
C 0£0" 0£0" 0.0042+0.0091"
TP 12 12 12
TF 31 28 25
FP 4 7 7
FN 3 3 6
Case2
Cp 0.86 0.8 0.74
0.9148+0.0352"  0.8158+0.0601" 0.7514+0.0701"
MP 0.14 0.2 0.26
0.0852+0.0352"  0.1842+0.0601" 0.2486+0.0701"

*

. number of iteration =

100, (meants.d.)
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ABSTRACT

Classification of Multiclass

Microarray Gene Expression Data Using SVM

Kim, Hyo—-Mi
Dept. of Biostatisticts and Computing
The Graduate School

Yonsei University

In the thesis, we introduce the Support Vector Machine(SVM) that
lately being raised in Bioinformatics and carrying out classification
analysis using simulation of multiclass microarray gene expression data
for classification method in order to evaluate the model obtained by
SVM. For the microarray simulation data and evaluation of SVM model
using SVM-library in R-Package.

In conclusion, the value of each evaluation item(True Positive, True
Negative, False Positive, False Negative, Correct Proportion, Miss Correct
Proportion) was no significant difference between the classification
method(c—classification, p—classification). With the decreasing of standard
deviation and with the increasing of log ratio, the value of evaluation
item was improved. In other words, with the increasing of intensity of

Cyb, the wvalue of evaluation item was improved. And the value of
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evaluation item became improved as the microarray experiment

error(noise) decreased.

Key Ward : Support Vector Machine, Microarray Gene Exprssion Data,

Classification method
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