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Abstract

For statistical microarray data analysis, clustering analysis is a useful exploratory technique and offers the
promise of simultaneously studying the variation of many genes. However, most of the proposed clustering
methods are not rigorously solved for a time-course microarray data cluster and for a fitting time covariate;
therefore, a statistical method is needed to form a cluster and represent a linear trend of each cluster for each
gene. In this research, we developed a modified hierarchical mixture of an experts model to suggest clustering
data and characterize each cluster using a linear mixed effect model. The feasibility of the proposed method
is illustrated by an application to the human fibroblast data suggested by Iyer et al. (1999).
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=32 3£ (hierarchical clustering), Tamayo 5 (1999)9] #}7] 34 X
SOM), Tavazoie 5 (1999)9] k-H¢ ZHEA, Hartuv 5 (1999)¢] 1
theoretic approach; Hartuv 5, 1999) % Brown 5 (2000)°] A|+s SVM
ol AUtk
AJE8A L2 M2 (biological process)7t o]Fo]R]= Ftoll oJH 54 A(cell)o] HHo] o AH
oAl o]F o2 =X]d tiet ATLE AIZF D Z(time course) AP0} gt} (Costa 5, 2004). ol A&
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94 zeAsg Boe 598 YER TARE 45 TES Qe AowA, ARIAES
FRARY 7153 {AA 7124 (gene regulation) ol thet WiAYEE A7t AR APo 2 RE FE=
Zlo] BEZ o]t} (Quackenbush, 2001; Slonim, 2002; Draghici, 2003; Quakenbush, 2001).

e AAE uho] Tz oldo] Apmel thstel WA B EHEAYAS o] A ATk, Yeung

5 (2001, 2003)2 2ol 7]%3H(model-based) FHEAYHE A|otesiom, Luan} Li (2003)=
B-2Z#lole 7HAE £ 23 (mixed effect model) S o] &3lo] ZHHMHE Aekstgtt. Storey 5
(2005)+= ODP(Optimal Discovery Procedure)ol] 7]zt A|ZHHZ Ao dist Mz Fo4 &
A (significance analysis)<, Wang 5 (2009)2 2] &-EA|+2 3 (random coefficients model)& ©]&
@ 599 BAS RIS AT

Jordan3} Jacobs (1994)°l oJsf Atd ASAH T3 AT E(Hierarchical Mixture of Experts;
HME) 232 &g} 3 22 9 2] (divide and conquer)% o] &3t 98 F7H(input space)% 7+ B2
o (sub-region) EE ¥HE3le] E8e= WEZE ¥ (nested model)S LREs} $F 2o 2 EM-E1EE5S
53t E3R2 ¥ (mixture model) 8] B4ES AT = ok

P Bl §29, B AFAHE AT B2 G vhelaR ofdfol AUE A2 Het B2A7

FAR Wz o] FE|E vlotste] A3 E 82 Y (linear mixed model) 7]¥He] HME 28-S A ¢ks}
, o] E Fote] fRAEY 7 T?QE ASA FER2FY FElE xds= FA, 7 FHEY

=29 AL o2 2o 2804 HME 239 tfste] drstal, 3800 A & A7t wet vt

Z4 % ufo]aRoj# o] xtgol 3te] APTFRF S It +4F HME ZF tfdlo] A tgtrt.
480 M= AA R F | tet B0z Tyer 5 (1999)°] 23l AMEH A A-f-oHZ(fibroblast) el T
3to] Alokd S A83tH, 5P A28 I B A9 AJof tfs) Hdgsio)

i
AYPFAE Fhetsts 23S AAetaAt sttt (Schlattmann, 2009).
=
=2

Jordan¥} Jacobs (1994)9] &]3lo] A|otd YFRE 7]Wke] 2] =85 (supervised learn-
Itk HME 233 gprase] 228 dolde $RES ol4des BasA i
2 ) (soft probabilistic) 2 BA3ttl= ot} (Hastie 5, 2001). H=8* 54 §

[*]

Hz

E

do |
E

#:% a %

Ele] oul= ¢J8 W4 (input variable)o] o3 FAHH FEFS 7|FoR X T 0E& vty B
7+ A Yudted], ol St WFEFEET A5 ] ek 83 A4S AT 5 Arhes FF
o] Atk E3H U BYPoAE 7 LEXY FHFo] AT PER AFE = A= thEA, HME 2
FolAe APRFPE o] 8ot 74+ T =29 FHHS Xﬂ%’—?‘_ﬂr-

29, HME 232 228} 3142 Y2 (divide and conquer)®] 23], YHH4E 2+ 229 (sub-
region) €% WHE3lo] B3 WEZE Y (nested model)S dRts} 3 Aoz EM-¢18EFS 5319

32§ (mixture model) 2] BEFES FA 3} (Jordand} Jacobs, 1992).

Figure 2.1& $%o] 27§¢] HME 29& ehd Zolth. ol Z7e] ul5g wEoq feee 28

< 7= YFEFeltt. a8y Jordand} Jacobs (1992)2 AEZ-2 &0l & o]&3HtE=, FHes
& J2oHE Y ES T (expert network), H]F T ==+ ¢ U E I (gating network) &= O] 5}
th ol9} Zo] HFE uf, 7t AAHE YEHITEL b3l it A 5E onlstn, ozt A~
A= EAZES 4o dEgzel oA Az adsel gk

PEVEYIE HE o8 gEitol AF T 8% =2 25E 58 guey g2 AYsitt
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Figure 2.1. A two-level hierarchical mixture of experts(HME) model

9.2 A= 2z WA (softmax)grolw, ZF JBHE zo tIsA ¢, 52 T2 1]t} (Bridle, 1989;
McCullagh®} Nelder, 1983).

AAHE YESZo] A WgHSo] BE RHL Y ~ Pr(ylr,0,,) 0w, 49 A1 A9 5 AR
B 2A2g Yol AgHTh UYME 22V yB PP HME $ER3L thest 2ot

P (y|a,6°) Zgz z, v} Zgﬂz @,v5) P (yle, 00)

2]

SO X
=

w

o

A7 715 ‘07F oulshe 22 B4 AA Fold, 0+ Eedgoth $19 By 4y EL3
2o 93] 2A= = E3F v]E (mixing proportion)S 7]—7<] &3} 23 (mixture model) ]t} (Jor-
dan3} Jacobs, 1994). ELHE Y L =FX]= Dempster 5 (1977)°] A4t EM-E1u2]&&
o]-8-3tr}.

WA A A (latent variable) zi; € Aoshetl], ol 20t z);8 FoE EAIED, FERYA
o AARES GERITh Estep 249 BAgo] Fola AN 29} 2,9 ke AL
E-stepoll Al AXFE 713t M-stepell A 9] AdAHE VEYIES BR4ES FH3] % 72 715
A2 AREETE M-stepollAl E-stepoll A A4 #2715XE 7HX31 GRkst 43 23 (generalized
linear model)ol Wit 715% S=d4-5 st A7) W ¥E A7 FH A (iteratively
reweighted least square; IRLS)S o]&3to] HYFEFAHAE £l o]& +HT uj7lA] wHEsic}
(Little3} Rubin, 2002; McLachlan, 2008) ).
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3. AlZholl 2 YrS=7dE 01012204201 At=0f| Uiet HME 29| +d

48317 Sl 7HE e T

SHAZF k. aejEE & HofA

2o gt npoja g o o] AFE Aol ek WESAE FAA @R FE R sHotst

0:] Age EE’_% (linear mixed model) 7]¥Fe] HME &g A|otslic}.
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PR AR AlZbel B Wk & 4 QA g WA AR ZE A bl thEE ARt e

% (expression level) 91 Cy32} Cy52] 21 H](log ratio)th. T3 n7ll F3AE2] HME 239 431
ol A7 kNS A 2R o] FolA itk 7Hg it

HME 23] 49)5E 4 Ed I+ ths7t 2t

T
el .
gi(z,vj) = ——, Ji=1,...,k
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S et
k=1

7} jAR 74 AFA
A 6}’\0]1:].

A2 A2 W ol ofele] A A%, el MME 23
A 10} ARG 5L 2AxY F R

A7 A

ru]m

A9 AelA g(z, ) FHHE PP BEL, 4, LA e B
SuElelnl, g (7)1, Az

SHGE AR B9 FEANG LY YA AT, olE A LTAN J0A S
Fgslo] A3, HAFEONAY (MR A2 GG FEolH ofelst Lol H ek,

Gey5(,vi0) =

ﬂ

i gt

Z AT E A g HE et BH 2 Y ~ Pr (y|z, 0;0) 2A YEFUH, Laird¥} Ware (1982) 0] A
ool Ay Z32 ¥ (linear mixed effect model)S &8k} 0%7]4 I8 I (fixed effect) X;+= A|7F
3 a5 9u|sla, 99 &7} (random effect)= ZF FAASS 2| n] e}

Yi :X1/8+Zlbz+6“ 7= 1,,n where bl NN(O,D), 6NN(0,E7,)

BE 2520 ATE ¢ = {75,750, 050 2A AYsHH, Y = yQ A2E(total probability)-& th23}t
Zon, ol 9 HENI ZY) YA ZAHE = EFEF FEj7t At

K
r(ylz, ) = Zgz z,75) Z 9013 (%, v50) Pr(ylz, 0,0).

TS FA Hoﬁfﬂ A58 BALETT Y, InPr(y|ei, )& ¢oll @sto] A7l U
o}

Ay EgEyel £3 YHE 2487 A4 2ARS 27t deA drkn Ao, Hope
B9 AL 4 AxsE e 9B 4 £H2Y FAG Y9 AT B I

multiway classification) A2 72 o], AZE ZHYZH o2 J& F3lof st}
A7 23953 (complete data log likelihood)+= TF-3} 2t}

() = 305030 gl gl + e (571, 0,) }.
t 5 ¢

e Hu fno gy
T e
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Table 4.1. Parameter estimation for the suggested HME model

B o . .

Expert Network G g; gi\q

(6o, B1) ’ 7
P ,0 0.11, —0.18 0.077 147(27.47%
r(ylz, 01)1) ( ) 380(70.96%) ( 0)
Pr(y|e, 6a)1) ( 0.02, —0.02) 0.041 233(43.49%)
P ,0 —0.24, 0.21 0.117 111(21.92%
r(y|z, 01)2) ( ) 137(25.89%) ( 0)
Pr(ylz, 01)5) (=071, 0.73) 0.122 26( 3.97%)

EM-@312) 5| Bstepod A& vell B i) yM g ol%}oﬂ Qo 2AR Z|ehzk 77 ol 8] A
A8 2SR S 2 8 dAldTh 2AR At 7)€ olels} 2k

gi90,Pr (129,05

e
%:gj ZZ:QZ‘]’PI‘ (y(k)‘x(k)7 9§£>>

= Pro {0 =12 =

M-step& A 719 Hh3} EAl2 A AAY, dulo]EH kA g(k+1)7 nggﬂ) 9(k+1)‘_ o}z o}
2ol £+ k.
ZZ (t)alng(t)
(t)alng(i)

DD Py

T]([)Gln Pr (y<t) |z )

> = a0, =0.

t

i

" H50MM=o Tt Metel HME Yo B8

e B

Ao|AE ATE AR Wit AA uto]mZojgo] APAR thet] Ad HME 232 -85t
o 1 AFRE AN AR g 242 R-package 2.14.0& ©]83}%.2™, Pinheiro?} Bates
2009) 7} A 2F3k nlme libraryZ ©]-&3+3ith.

BAol o] AR Iyer 5 (1999)°] AW Ao2A, @AYol B3t Af-obH Z(fibroblast)of &3
el vhe& 12/\]@ 5o #&3t cDNA ulo]a g2 ojg o] AR olt}. U AFEA Ail= Ao #3
Aot 2= £ 12417 B¢ 861370] RAAES 7R FFet, AT vbgske A7
51770E “Lﬂﬁ}%‘\r/} aeu, B dFolAe A9 ARE ASAIETE 4RA AHTMA 2 Ak,
frojsivta A" 517708 FAAE o8t At HME 232 ARESHgith 4709 Al o= A%
Sk o= ARkl mhE FAA HES APA wder uHerg ] wEoltt. vk BE AR tist
of 1E A AP A wdo] opd nAPRFo R HZfof 3RE MPEHFRHP S AR 5 GV
uj o)t}

HME 239] 452 49 d2veslas) s 271012, 19 YEzs) $20] 2t 2744 7]
£ AT YEADE AAES TSIt olsh 2ol Teldh olf B Aol olfale ARt
A& AolA of] folshtkn wAE Sa7 B o83 WEelth. Ak HME Rgg A
A3}= Table 4.13F Zt}.

—
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Figure 4.1. Gene expression profiles of the expert networks for human fibroblast

Table 4.2. Distribution of the 517 cell-cycle regulated genes of two clusters defined by Iyer at al. (1999) over the
four estimated experts using the proposed method

Expert 1|1 Expert 1|2 Expert 2|1 Expert 2|2

Cluster 1 111(75.51%) 172(73.81%) 57(51.35%) 4(15.38%)

Cluster 2 36(24.46%) 61(26.19%) 54(48.65%) 22(84.62%)
Total 147 233 111 26

rE

Table 4.19] 232 Aol A= 119] 39 BAo] FolWA] PasHe 2AE AT, JarE
2190 A% 1)1 Heke ARo] o ra 14 The A 2AE AR, AR 12 220 A4
o BRE AARA FAE FAE AT, A2HE 12 Hoks 2271 B 38 F9 FARAL 2
AE B ¢ 4 9k,

Zt A2 E YEHIE FH = FAAES =43} 31 Figure 4.1 2ot Figure 4.1014 919

go I

Table 4.10] 3t AAHE YEYHIEL 24X} old that FAZ <l & 5= k. Figure 4.19]
(a), (b)& Az A4S 7HH, (¢), (d)& S7Feke AEdo] A%t &3, (b)Ethe (a)7t
U5 Zaste FAE 7HH, (o) Ztke (d)7F 85 S718ke FAE 7HKv=s Ae E]— T Aok

Iyer 5 (1999)2 AZE4 F3 £ (hierarchical clustering analysis)& §3to] & 517 FHAAE o3}
o 2709 #H-E YAt AFARJD HwE AlHe] o2 7] &l 181E o= JAT, Iyer Foll 9
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3 Ak 2708 R} 2 AFolA A HME 238 A-8AZE wf o] 3= Table 4.29} 2t}

Table 42014 ‘I3 1/2'+ Iyer Fo] AT ASH FHEAY AA2A, ‘FH 2 Aztel wet %
Ho| st Foto|n, ‘7 2°& NI E Ld o] Al7be) wet Frkee AdE vl FF ol it
Atd HME 233} vl 43} A E 11, 127} A ol AFH ] glon, d2E 212 7
AU, 2R 2o vizeiA 22l glou dAE 22 F 270 A9 AFH dwe & T Utk

24
=

“

r

ATolAe wrelaRogo] A5} Azt wel HEE = JHE M o, oo mE 4 F

X\J-Tq' ole] 2 APYFANE 7]&9] HME B39 dAHE WEYT BYS TFRPo T FA3|o]
EM- ¢85S o]-&3te] 43 WS Attt AtA B thato] Iyer 5 (1999)¢] A<tk
93 4fobIEo] TE cDNA vhol2zoldlo] ARE AFTL2A K o] F-E4L
ol 7|2E ] o ¥ 7R 9] F4E o] Zhesttta AdE v, ARE FHS(covariate)
AFoz uedhe Zo] ofd A (treatment), Z2 7€} AWt MLES 1T 4 AUtk ERZ
doeds W3] FAXTeRE 31#d= Zlo] ofd Kerr2l Churchill (2001) §o] A|AISE o]
ol(array)Zt, &2 GM(dye)EAEE NEdte] AL 4 oy, ARZE, AA| microarray A&l
Ae A7h] 2 MEEZAIE = dutd o g A Z 37 (cell-cycle) AFR S 0] 7t B, o]#]dt AEZ
27|12 EL A Ho] o]k 10A]A o|Atolalk=s Aolth oY A AlFo] B AR T3t e A
e 2AAA G 5ol B/ wEAl, 25 AL AFAUL e Aol ohd 4
o P E A8 & A+ olAFE (quadratic form) 5] ¥]HY ZAZ EAFA| Ak & Aolw, ALt
% (computational) Q1 SHA] Bt} E&Holn ARkslE 4 gl FAIAQ P S A gstoof & A o]
=3
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