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Abstract

The study of complex diseases is one of the most challenging areas as the mechanisms driving the diseases
are still unclear. The complexity of those diseases is generally agreed to be from the genetic alterations in
multiple biological levels; so an integrative analysis was proposed in this work. By integrating multilayer
of biological data, this would improve the understanding of the complex diseases, as the information
obtained from one layer may provide the missing information that cannot be acquired from another layer.
This dissertation aims to improve the state-of-art gene-set-based analyses that is currently limited to binary
class and extend them to multiclass problems. In this work, the integration of pathway data in microarray
data analysis for multiclass classification has been proposed. By evaluating the proposed method using
actual cancer data, they have been shown to be accurate and robust in disease diagnosis. Finally, we also
implemented the proposed method as an online tool that is expected to be able to facilitate the search for

candidate disease-related genes and to be used to diagnose the patients as an early screening tool.

Keywords: Complex Disease / Multiclass Classification / Pathway-based / Analysis of Variance /

Microarray Technology
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1PNE501904 1uﬂ1mzﬁw1maﬁmﬁaﬁgaﬂm3a1q§m1ﬁﬁ’uauuﬁ’ﬁu MmIMiAuINmM3 1% SPC ranker
vy v o ¢y ~ a a Y o S a @ =

waznslgtoyaszAum iU sgtulszansnimuay linaans lunsiasigi lsan

A A 9
Uuyodo la



28

Y 4 s A 7
msnﬁ 3.1 518%61/““5!,'38‘1/]@1/1@1@ 10 15498910 MCLungl Iﬂﬂﬂﬁiﬁlé}? SPC ranker

§wuit | wisnd 81904

1 Cytokine, Cytokine receptor interaction Van Dyke et al.
2 Melanogenesis Bellei et al.

3 WNT signaling pathway Mazieres et al.
4 ECM receptor interaction Devaraj et al.

5 Phosphotidylinositol signaling system Hanai et al., Tsurutani et al.
6 Calcium signaling pathway Yang ef al.

7 Long term potentiation -

8 Leukocyte transendothelial migration Lu et al.

9 NOTCH signaling pathway Westhoff et al.
10 Pathway in cancer -

o Y 3
32 msdwunngualegsraangulaanslitenansng I

32.1  msufsauiey R-NCFS uag AFS

9 o

= ¥y g & A < !
“lumﬁﬁﬂmmumuu Ggﬂﬂl@ﬂﬁﬂ”lﬁ%”l&ﬂﬂﬂ@l]Qﬂjﬂjiﬂuwﬁﬂﬂﬂﬂﬁﬁ']ﬂﬂ'@ll (MCLungl, MCLung2 g

QU

] Y Y
MCLung3) ldgnldienadousziiieuiTn13na R-NCFS uaz AFS uonainil §i9e63 lanlseuiion
a A g’/ = ax v Aad ! 9 d' o Aa o
UszdnSnmvesisdesszifioudsmsnuIsmanounihiinerianisee 131y Engchuan et al., 2012

é a o 3’/ YA v 9 Y o o 1 % 1 9 [} 1 9 Aax
RN SRRV L TAVEY Q’Jﬁ]ﬂllmﬁu@Glﬁ‘lmﬂ"liflﬂ!!,uﬂf‘lfqﬂJﬂ’J’f)EJ'Nfﬂ"IﬂGIjWU’f)iJaﬂ\iﬂﬁTJﬂ’Jﬂ’J‘ﬁﬂWiLL‘U‘U two-

Y Y
1 o o [ Y] I o [
stage approach NA13A® 3LNMFINMINLUNADIATY Tasasausnazitlumsiunlsziandesveqlsn
<3 g’/ ~ o o o < ] 1 o
259100 (AC, SCO) HazATINEDIILIINTIUNTEAVVDA 15ANSIT VDA lseianegse (52AUN
Y Y Y )
1 1A% 2) HAIINTUIITIMHAMITUNVDINIT09A5 Iaeiu o 15 lumsswunilsennegos uaz
Y] <3 = [ = 9 . o 1 o 1 1 3};
szavvelsauzsaluns@edny Taslinis 14 NCFS-i Tumsiuunngualednalutaazasa
dy Y 9 o Aa K ) [ o v % [ I A
Taglunsnaassil latins1doanes Mudmiunissunngualodiailu Random Forest 11199910
@ ax Aa 2 ' .. o Y o 3 ' v I Y
ganosnuiiinnuatesaotlyn Over-fitting nazgydmsa Tidaewmiussanuiieziluld
(Probabilistic prediction) lua U9 9n1591 Feature selection %WQEﬁ%ﬂqﬁlﬁﬂﬂi%} SPC ranker eLaon
4 FY 9 o = A oo d o o
WIseN 1 U5 a5 19U 1AgUNISIANWITLIEUIU 1, 3, 5, 10, 30, 50 WITIE AUV
Y Y
A5197An N NAD Uz 19Me321T0U7T stratified three-fold cross-validation 1A% cross-dataset

v
v v A

. . ' 9 Yy a v X dq A < VA
validation Tﬂﬂﬂ"lﬂ'l']llgﬂﬂ@\‘lf‘]ﬂ@']ﬁﬂ\ifl]']ﬂﬂ']WU“Vl(lﬁﬂﬁ'W‘l ROC (AUROC) mmmmﬂummmmwa

v
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9 Y '
A1 AUYNABIAINTUNITTINUNNGUAI0819dDINGUNIL AUROC Tagnimunnuandie

uuInMuAe uul OVA Mlveusarhundsuleluamil'ld (Hand, 2001)

322 wamsnf3aumau AFS uaz R-NCFS Iag Stratified three-fold cross-validation

o

4 o o ) o e < v g {9 0o q ¥
HeaInudIg N lugateyanistunngudlenuziaearaenguinuiisiuiuiesiin

H Y
TiirfivaneAon15i1 k-fold cross-validation A28311IU k NUINIFU 10-fold cross-validation 41U
v =X
9

a Y ) " W { g’/ < [
NUITBUTIMINUA k 19191 3 TANaU0 4 three-fold cross-validation 14a15199 3.2 Hduuaa iU
Y A A a A A 9 < Ao
AFS 11ag 2-stage approach Huldszaninimng IQEJmWWE]fJ%‘IfJ\‘]GlU"UE]ya“];ﬂ MCLung3 %I491UIU
1 o 1 ~ 1 ] @ 1 ~ Y ~ [ 9 Y
nquAlReaiieLA 3 NquUA0e1e Tuvmeh R-NCFS TinansonsyldTudoya nnyaeniiu MCLung2

INRANITNAABIND NS UNNguAIed1InuN InHanaga lugadoya MCLung3 uazugigalu
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gAloYya MCLung2 1ngyAvoya MCLung2 HUINquA10619119dU 4 NgUAI0619 azuAazNgN
o

Q

'
v A o ~ ] =

9
A0 818U TIUIUNUANANNUITZHIN szIandosved sauzi3a1/ea (AC ag SCC) AU UNITNI
[ J J T v v A Y o a a o 1 @ ' 9
dadauszrnengu limnusuiindsmalumsauIdnudse@nsnmmssumunnguaiodiala
1 y Y
Tuwz MCLung3 o1v9gilidadiusznatengu luminusunu uanail lugadeyadanaisiuou
9
YDINGUAIDIUNBILATINNGUINIUY

M13197 3.2 WA Stratified three-fold cross-validation 15euiey AFS, R-NCFS uag 2-stage approach

) INUIU S PSS IRE AR
YAUDYA )
N5 AFS R-NCFS 2-stage

1 0.90 0.56 0.90
3 0.95 0.74 0.95
5 0.96 0.75 0.97

MCLungl
10 0.97 0.77 0.98
30 0.96 0.76 0.97
50 0.95 0.82 0.95
1 0.62 0.57 0.78
3 0.70 0.55 0.85
5 0.69 0.50 0.94

MCLung?2
10 0.75 0.57 0.95
30 0.75 0.45 0.94
50 0.85 0.65 0.91
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y ORITRY EEBVGTREL AT
Yavoya .
WITIY AFS R-NCFS 2-stage
1 1 1 0.94
3 1 0.99 0.90
5 1 0.99 0.98
MCLung3
10 1 1 0.97
30 1 1 0.96
50 1 1 0.95

3.2.2.1. WA1NNIIN1 Cross-dataset validation
o ) a < Y Y o = o VoA Y a
Tagna ludimsinszvideya luInsezsdrulneglitdenarenodresnawaldinan sl s
9 @ g’; o [ Y ax . . = Y A o
Tugadpya AIUUNTNINITAIIIIAANNYNABIIAEIT Cross-dataset validation 339N 1410 IAA 1Y
085 U09521 08U TR YI8AINA1Y 1AINA1NNITN Cross-dataset validation WU 2-stage approach
g}/ 9 a A A o 1 gJJ J ~ = 1 Y3 1
tag R-NCFS Hulri1lsg@nsamingd1ni1 AFS 1139 (115199 3.3) daoiama luaesaiuuaad Ity
= ax ;’ﬁ =\ =~ 9 ' ~ Aan A ) 1 % 1 1
s2BVIT AFS HUNANUEDesHazgnARININNNIZTenITau lumIuunnguaAIag1aaIengy
@ o 4
Tagms1dioyaszAumsauveInsng

M13197 3.3 WA Cross-dataset validation 1TouNeUlse@NTNINUDI AFS, R-NCFS 118 2-stage

#N of Gene-set-based technique
Test dataset
gene-sets AFS R-NCFS 2-stage

1 0.45 0.60 0.66

3 0.75 0.63 0.64

5 0.76 0.70 0.70
MCLung?2

10 0.80 0.60 0.74

30 0.81 0.79 0.75

50 0.82 0.73 0.74

1 0.62 0.78 0.57

3 0.76 0.70 0.64

5 0.85 0.81 0.73
MCLung3

10 0.84 0.70 0.65

30 0.97 0.68 0.70

50 0.97 0.86 0.70
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3.2.3  uf3auneu AFS N OVA tag OVO
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I @ a o R ]
(MLP) ttag Support Vector Machine (SVM) vﬂuaaﬂaiﬁuclumsmuuﬂﬂqmmama

3.2.3.1. wamsifSauneua1nn15i Stratified three-fold cross-validation
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3-fold cross-validation 3-fold cross-validation
(MCLung1) (MCLung2)
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€04 € 0.4
g 02 - =s=0OVA 3 02 - —=0OVA
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Number of Gene-sets Number of Gene-sets
3-fold cross-validation 3-fold cross-validation
(MCLung3) (MCLung4)
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517 3.5 HA91NN1591 Three-fold cross-validation 1o 14 SVM 1iludanesiudmsuswunnguaedia
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3-fold cross-validation

3-fold cross-validation

(MCLungl) (MCLung2)
g 1 vw o 1 ’*m‘ A
06 e ~+=AFS
s04 g04
s 0.2 —s=0OVA s 0.2 —s=0QVA
< 0 | ===0V0 < 0 | ===0V0
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(MCLung3) (MCLung4)
g L M - —— o 1 8
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3.2.3.2. #aN159M1 Cross-dataset validation
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Train: MCLung1(SVM) Train: MCLungl (MLP)
Test: MCLungd Test: MCLung4
o ! o 1
2o B8 ettt
£06 ——nrs | 306 ~+=AFs
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! . . Y Y o [ Y
51Jﬁ 3.9 WaUdN Cross-dataset validation Tﬂﬂﬂ']islélf MCLung2 @3 NUUUINNDY HAZATIINANINNYNAD
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M3197 3.4 WA SVM (Hatnde AUROC U0auaagszilenn)

Train Test AFS OVA Oovo
MCLung4 MCLungl 0.78+0.76 0.55+0.06 0.49+0.07
MCLung4 MCLung2 0.71+0.04 0.82+0.11 0.71£0.06
MCLung4 MCLung3 0.92+0.1 0.7+0.08 0.6+0.05
MCLungl MCLung4 0.75+0.04 0.68+0.09 0.59+0.08
MCLungl MCLung2 0.75+0.13 0.8+ 0.12 0.7+0.08
MCLung1 MCLung3 0.85+0.12 0.52+0.09 0.53+0.05
MCLung2 MCLung4 0.75+0.04 0.6+0.04 0.67+0.01
MCLung2 MCLung1 0.68+0.06 0.56+0.08 0.61=0.02
MCLung2 MCLung3 0.8+0.05 0.45+0.1 0.61+0.03
Average 0.78+0.7 0.63+0.12 0.61+£0.07
3197 3.5 WA9IN MLP (MaInde AUROC veaudazszifouit)

Train Test AFS OVA Oovo
MCLung4 MCLungl 0.71£0.05 0.56+0.09 0.5+0.04
MCLung4 MCLung2 0.6+0.04 0.77+0.07 0.66+0.07
MCLung4 MCLung3 0.79+0.07 0.53+0.1 0.52+0.09
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