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Screening and Clustering for Time-course Yeast
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Abstract

This article introduces Gaussian process regression and shows its application with time-course microarray
gene expression data. Gene screening for yeast cell cycle microarray expression data is accomplished with a
ratio of log marginal likelihood that uses Gaussian process regression with a squared exponential covariance
kernel function. Gaussian process regression fitting with each gene is done and shown with the nine top
ranking genes. With the screened data the Gaussian model-based clustering is done and its silhouette values
are calculated for cluster validity.

Keywords: Differentially expressed, Gaussian process regression, log marginal likelihood, squared exponen-

tial covariance function, time-course microarray expression data, yeast.
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fr e
N

TE Eo)AY A (screening) HH & T FHAAE AEste] AEE {FAARRE 7RI 245 S
g o] At o]9F T2 A A ol th gt A+ & Hero &

fo]aRojd o] AFE T3 4 FAANE T thEA HHHE FAAE st FAA Wy
Tttt Eckel 5 (2004)-2 utola 2o # o] F-1A} L dlojelo] e do]Ele] AL4E E0l&
S2 Q1 #oll sl AFettt. Ma (2006)«= 8719 st FA Rl 7|23 FEE FHA A8
o o3l dxAdel dlsl 2AFFATE. 2 Kalaitzis®} Lawrence (2011)+= A|AE

o o3l 7F-2~ 74 3] 7 (Gaussian process regression; GPR) 71¥3} 21 W% 3 (log marginal
likelihood; LML) & ©]83t9 37 €& S+ & BAFUrh

Serban¥} Wasserman (2005)2 ¥ 242 A3} W4 A3 T 23 tiet ihge drstder
FAA AEAAH YA nondifferential cluster & F 33 ZHEAS A|<Hs}4 T Serband} Wasserman
(2005)2 v|E4A 2R WL HES 53 23] g e AFetded A AEAAE
Al nondifferential cluster & 23 AS A|okslgdtt. Térénen 5 (1999)2 A7) 233} |
Z(SOM)HHH & o]&3lo] FHEAS 3Tl Zhang 5 (2003)2 o]k Eg]o] M (discrete Fourier
transform)& o]§3t FHEA AFE HAFJrt Kim¥ Kim (2008)2 v]& Fg]of A4E AREs
TRHEAS At KRS A T dojee] Feet S0 wet o3 FHEA PHES
A8 4 Qlrt.

H Ao 7+ a A 7)

A (inactive, quiet) FAA} A

o

fo 2,

€ 4708l Kalaitzis®} Lawrence (2011) 7152 &-83lo v|&
5 S xH3}E (differentially expressed) F+AAFES AFEste] 1t}
Ao EA A9 A <l 71ofstarzt ghok. =3 AA Hioly A C 2= Z R olE

FAGE HoEth B =79 742 v 2tk 27 elAs AAE FRAAF L volEof thE
PR 237} 23 A3t el Agsta 380+ EE G2 23 diojgol g 4ol E BoF1
wpARre 2 47¢ol| A gk AEg YRt

oz

Hr g

L dlo of

Q

2. Time-course RZX} 2o U|O|E{0l| CHSE Gaussian Process Regression

72~ 314 (Gaussian process; GP)+ AlA|E §22F &d dlolH o 28F o]+ AA A5} o2
FHoR A ol HHS Ho R &8 4 gloy ApEsld FAA 2231 (differential gene
profile) ol thall =91 (rank) & & 4 Atk GPx thid=7gt =

o

$2E 54 LEYSE P U@ B
Beo fjdoer 33 Aot} o7 EF Bxd+E Aozt FHAF 34 (covariance function)

&= 71934 (kernel function)] 2J8] 5 wlolg 2ke] FAM ZE (similarity metric)ol 28] %)=

[®)
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=
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squared exponential covariance function)&
) % (true signal) 7} 2% &<=(smooth func-
tion) 2 73 Ul¥ 7P $4E 2E0D ARE 4 Ak 0w 54 viee] wgol) o 24a 7
slo] WAlets AEE B

®l (spurious pattern; false positive)
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2.1. Gaussian Process Regression 2%
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AZNA 2= (A FAY] wAA time-point o] I LA €= B E€in) =
2L zret)h §AA B HolHQ Yies A 2, oA A dlolge] =gk
Aol &tk 7Fg st

AAYE A2 2 dlolgdl ths] GPE AHE3He ofeltols S FAAPEE BE53kl ot AR
=7 (trajectory estimation)< 1 2] g<rof tfdl X ZH(interpolation) #A| 2 K= Aoty ZF #=
Zre WA 712 X oF 2 (white Gaussian-distributed noise)2 ZF=rhal 7HE 5 |22 o Zof o gt
]/\‘}’l}g A 7+ 4 ok

AW (input variable) x; 2} &3 ¥4 (output variable) =+ 232 W4 (target variable) y; 2 XA
< ‘l(?l‘;ﬂ ZF AU Ol D = {w,y:}, i = 1,...,ne DHsITE. FZ71HYA o ) FHA &4 dlolH
o gt AYPI]ARPoZE HoH GPR ol thsf A By}

y=f@)+e f@)=dw, (2.2)
ANE ol ¢ = (1z,2%)9] BN 24 FH o2 Foleh iMAl FAA mA AZ-E BE f
AARE 2R Y = ), u= L..m NALES TG AL ALASE SAF T feature
space) ® = ¢'wol 13 (mapping) A o714 WAFLL HZ SHolu € ~ N(0,03)E mETH

é%;ﬁﬂ Wt FERYLS AL EE W2ER y =yi = (i1, .-, ¥im) o FEZTE

= % exp (—f(y - @W)'Zﬁl(y — <I>w)> =N (®w,3,), (2.3)

7|4 B, = oplelth

23 woll A AARAR w ~ N(0,Zy = 02I)E F0] Wo] x| ¢t A3 3] (Bayesian linear regres-
sion) & 123t SEITG x ARG ERETSE FEto] B st FHEES 71 JA] A
REg QA Heh. yol Aot TR FHRR

Ely] = E[®w]+ Elg] =0
Covly] = 05,8®" + 071 =K; + 0,1 = K,. (2.4)

yel AFFngEg Pofud

p(ylx) = / Py 1%, w)p(w)dw

—_

1,
= —— T eXp (7§y/Ky1Y) = N(y;0,Ky). (25)

A (2.5)F ol&st] FHEES AME 5 lom o B tidt Blart 7hsste] 2ol tidt =9
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2.2. Squared Exponential 2244

GpP= —E—/Hlﬂ’“‘oﬂ/“] #5314 (stochastic process)o|™ HFFERE] dutslo|r}.
Z zdlMe gk f(o)E 7HR 2 HEHE E5E et 7 Sl i 3
py(z1),...,y(@m)) T TF y2)9 FELX7F Z7FELEE WETL F2ARIEAAN F232
Ky 7} &A<%9] (full rank) 7} | =& 3)5Fw FA) k4 (latent function) fol] i3t GP AFAARE o}
3} Zo] & 4 QU

) = ey (3 ) K (- ) (2.0

_— = 7 by - f - . .
(2m) % K2 2

e flx ~ GP(f;m(x),Ks(zu,z0))2 E713 HF <4 (mean function) m(x)$} FEARE
Ki(zu,z0)S 7F GPE oujditt. GPoA FEA = 23 2471 HEd ol dF3tuAt
b ol ik ZHgel sk ARE @] w2olth. & J7ke ol sl vgh 93k yE 2A =
= 712AQ 7H8E 2F6t7] wlRolty. o] =R+ AlF A4FEAEr (squared exponential(SE)

covariance function)

kse(t) = exp (f%) (2.7)

10] 4 % (length-scale) ©|t}. SE &EAMEGE= F3H3] ul& 7}
AT 7H GPe BE A BaAlE v
FEAFEoty. O o= Matern 3824V karatern(t),
o] e FEAREo] 9o Rasmussend Williams

N

ol q

< LEIZ S o7 B 12
(1nﬁn1tely differentiable) 322 SE
10} W% 2= 5o} tol AHEH
rational quadratlc FEASE kro(t)
(2005)9] 473& Fa13}t7] uisic).

o]ﬂ rir

k]V[ate'rn (t) =

TR A B
COV(f(ZBu), f(wv)) = K(xuvxv)
= E8g0l Ug F&24to] Ao gz 2 E Aotk PL (zy,z0)o] WIS I o]F2E M2
%= ¢ (uncorrelated) ] H+= AglE vepdTE. W<l -2 SE kernel-2
2
Ky(zy,zy) = Jff exp (—%) + 26,0, (2.8)

A7NA Sy I Z2V A DEL ‘%L (Kronecker delta function) 2 v = vo]® §,, = 10|t} Zo]H & [2&
A kel wet g fo] | 2 2L Po] 4= mad WE (o] F4F FA}Q(cosine)
’(ﬂ-"\‘(},}_ 7%0 —O—E 0 Eo E]—

2.3. Gaussian Process Regression &%

F2o] Y= A1 (time-point) ol A 9] FAAT ARG ZS ke WS
B AE xolAe] gk £ ARE o8] Mz Ak z.olAe] FF L
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FRE p(f., )= AFRTEE ZAREE p(f|f) A AFEET} Ak y ~ N(0,Cov(y) =
N(0,Ky(x,x) + op1) #lo]= 738 #4314
p(f+ly) = pl/-.y) (2.9)

p(y)

o= 74]/3'?1“3]’ }‘HE“% }‘]Zl'%:‘l] ?:]Ejl%}: 37*9’]’ UEH_RH OLE%%_ u°ﬂ/“1 my = m(”z’u)y (k*)u = I(f(mzux*)E
#7]%H}

oA 2R HE ko TR E Keoll g2t o] A28 HaflA o4 2tk

Kegr = <KC k. ) (2.10)

o] 0 HE QA A9} A (2.10)2 133 (y, f.) AFE2E 7314
( ) N (0’ (Kf (X,X) + 021 Ks(X,X.) )) 2.11)
Kf X*aX) Kf(X*,X*)
t}.

GPR RFo|A ZolHE |, A% Hil(signal variance) o7, & F4H(noise variance) op7} W3}
o olHe B (lop,00)0 et A B22 ZHoHExE a2ttt AR (low noise)d} w2 A ¥
3h= A5 (quickly-varying signal)Ql %+ Al& (signal)oll ik WAFSIFgor B 4 Q3 13
2 (high noise)3} =g]A] M3}= A& (slowly-varying signal)Ql ¢+ WAZSS ¥kt A3t Al
% (constant signal) @ & 4= I},

ne
rlr

o
=

A

ARz FEd FEike 27 A8 B2zl thE AxAS o]gste] 73t GPRel tid +7
R

p(fsly) ~ N (fi;ma, Var(f)), (2.12)

m. =k. (X; +021) 'y,
Var(f.) = k (x+,%.) — K, (Kf +021) " k..

T3rE FA3lel= 24 (hyperparameter) & 2HE
Bolgt mypglor AA Aok

p(ylx) = / p(yI£,)p(E|x)dE. (2.13)
21953 LMLE FajEd

Inp(y|x,0) = —%y’Kle — %1n|Ky| — % In 27, (2.14)
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o714 Ky = Ky + o2I°|t}.
Kalaitzis®} Lawrence (2011)¢] w2} t}23 Zo] LML H] (LML ratio)

Ag = & Aok
p(y|x, 61)
! (m ) ’ (2.15)

it
P
Jo
rN
_|>i
[kl
fru
bt
ne
2
4y

17141 61 7L B8 UIEkN 0 = (1 = 00,05 = 0,07)& AR 5 AEARA G Y
ol ALE uisitt. 7z 7} AS StollA] LMLS £3F £ ¥|(ratio) & £3tth. HAZHS 1L317] )
3 = g0l "ls)] Hu]Esle] HAstE g oz AT Fol PALE (scaled conjugate gradients)E
o] &3l LMLE HthE sl 2t} oluw]e] Zo|HEZHe A=t}

3. tiolg] 24

2o 8ol AT it e Zon] ¥4 A2 AAFH Ak UG 2 HeolHolth 2
30070, ThFst Wsl HES 2 UmA) 57 @5 A2 40h8 e F 50070e) ARl thel m =

20 A|H A tlo]EE WAl & GPR AE-S 1L3kth o714 ¢; = i/mo]th
fi=0,
fa = 2t;

Jo—mind (3204 (Bti=2 * o (BTt
3 2 ’ 3 2 '
fa = —2t; + sin (?) ,

f5 = cos(27t;),
fo=2|t; —0.3).

olel e ol AFEE N(0,0%)% theis 2xhaol tal A Agulo|el 7k 745 vf 3009 1k g
39t Table 3.101]/<'1 = A4 A (cut-off point) & LML ratio7} 1.6} 1.591 3% 07} 0.5, 1.091 3
o ois] 2Pzt FAXE AEe 2HE HojErh AEE FHAE (screened percentage)= AA| 2
3l A2 oiv] GPR A & Apdste A &R 0 = 0.59] B¢ 2 AFS Hoerth
% (sensitivity), 5 ©] = (specificity), FDR(false discovery rate), FNR(false nondiscovery rate) Zt<
ue Bao] gt Wt 928 ¢ 4 ov dolee S0l yek 2AgE FHokIt. ool A%

I‘E

= 5 5 FeHiot A7) BAA R wet A Aot el 4 Joeng EAstuAEH= HolE o
det B4 A7 Besi,
3.2. 2% U|0|E{0ll THet Gaussian process regression2?} 72K} M@

BRE DHEEA AEEE dAE F Uehise 282 JAH L gler Spellman 5 (1998)©]
JolE & AlFst o]F 2 ol2st &R tolEd thst 42 AlA zH=2] BEA R 3 bioinformatics)

in)
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Table 3.1. Simulation results with GPR screening with 500 genes and m = 20 time points in 300 repetitions

LML ratio o screened percentage(%) sensitivity specificity FDR FNR
1.5 05 110.8 0.928 0.881 0.121 0.072
1.6 105.6 0.906 0.910 0.105 0.094
1.5 1.0 81.2 0.602 0.867 0.145 0.398
1.6 75.3 0.558 0.876 0.132 0.441

Table 3.2. Functions of top 9 genes based on GPR LML ratio

Rank Probe ID Gene Name Gene Function
1 3073 YLR452C (SST2) GTPase-activating protein for Gpalp, €3}l s|2 2 Z4x] =4
2 2261 YJR004C (SAG1) Alpha-agglutinin of alpha-cells, Agglutination &2
3 2664 YLL024C (SSA2) ATP binding protein, &2 H 3t} NE 70| ol ol
4 3238 YMRO058W (FET3) Ferro-O2-oxidoreductase, @ &2 2o thak YA wrg =&
5 387 YCRO098C (GIT1) Plasma membrane permease, inositola} ¢19] thAlz Aol o]
6 2524 YKL177TW Dubious open reading frame, STE3 A} 22}
7 1342 YGL089C (MF(Alpha2)) Mating pheromone alpha-factor, mating type 24 12}
8 2874 YLR216C (CPR6) Cyclophilin, | E]= 439 cis-trans isomerization Zuj
9 3848 YOR135C (IRC14) Dubious open reading frame, YOR136W A} 2}

Ao o]Fo]R 1 Yt} MZEZF7](cell cycle)E FAAE B4 A (genomic instability) =
A2 M EZEE(abnormal cell division)3 #& Q1= MEZEA|(cell replication), A3} AEA

Z

=

1 (malignancy and reproductive disease) 5= UER=H $23 JS sicy. B4of o] &3t o
olH& EE uto]lazojgo] #d HolHZ cdelb 57122 (cdelb synchronization)S ©]-83F &
At AlAE dl°o]E| 2 http://genome-www.stanford. edu/cellcycle/oﬂ/ﬂ gz erigton A&7

£ RAAE AT, AT GZRE A2 T G BN AR o] ey
24) AN ZAE FAA TA GoITk. S4 AR FAA B dolEe] thal GPR & -83ho]
20 FUSTUSE AL 2 RRE SUENE B0 £A7F 13HE 948 FA% 271l o
GPR A3 233 HAzke] Zo]d =gk Table 3.2¢} Figure 3.104 Z+zF Hoj&Et). A2 2
W31 07} 100719 92 <922 1007] 2250l e Al7bol T2 Figure 3.28 27 23l
Aol Aol7l B # 5 Ak $AES 10074 /1€ A7 ARES Bxdtol Uel2 A 270
v 24700 o) ARskR §AAR A8EE A%} 7ol 7k A B,

olEle) A WA & g ARG da Q77 Atk B AToIAE LML ratio?} 1.6 o
239l A9 MEEA) 2 SHA 36770 HAA7E ASHT o714 AEEE fAA5 B4R A5 52
T 2RALS A3kt o]g]. 7E1—o] AEE 3677 F-AAS tsl] 28719 #3138} (model based
clustering) & 183l Apstc). 28 79t F33= Fraley 2} Raftery (2002, 2006, 2007)l 2]3t A
olxl 11 AEE gow 7A ek %?J:J_aé (Gaussian mixture model) 7]¥F 33} ®Holt}. Serban}
Wasserman (2005), Kim¥} Kim (2008) 5ol &% X} dlejgef dlgt 28 7vF #3315 &-8-3)
ATk ZRAIRF B TINE A AT HHOR 47 FRHOE 7F FRL 42, 43, 117, 165709] FAAE
Fadrt o9t T2 A Aol vzt 25 gene ontology 9t Fw& 77+ Table 3.33% Figure 3.20|
Al BoFed SHEE FAA 2 F4 2Ee] Aolrt vyehdth. 3 84 52 Rousseeuw
(1987)7h Al ket A2 (silhouette) SEE ALS A3 A2 % BFL 0.220]0] 2 7 H27
of] o gt AZ ol Zr2 Figure 3.3914 HojZ=t}.
Lee 5 (2011)0AE AASAA 5719 Fo ATE AE3IAS 3¢ FDR(false discovery
rate) & B AR ABAAS FAT A WA ARG 43810 TN 4187 FAA7F A
Sick. olsh 2ol A APl wek ol7h b 4 Qe A3 EAZ) chak 48, FDRo|}
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Figure 3.1. Top 9 genes based on LML ratio with Gaussian process regression (from top left to right )
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Figure 3.2. Differentially vs. nondifferentially expressed genes
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Table 3.3. GO genes in model based clusters

cluster  representative GO function ID Gene Name
Cluster 1 GO:0006457 Protein Folding 3122833 Heat shock protein SSA2
3129618 Heat shock protein SSA3

3123898 Heat shock protein SSC1, mitochondrial
3123667 ATP-dependent molecular chaperone HSC82

3127063 Heat shock protein homolog SSE2
3128448 Heat shock protein SSA4
3128997 Heat shock protein SSC3, mitochondrial
3122790 Heat shock protein 60, mitochondrial
Cluster 2 GO0O:0005618 Cell wall 3125902 Cell wall protein YLR194C
3127813 Alpha-agglutinin
3127120 Cell wall protein CWP2
3122630 Probable glycosidase CRH1
3127083 Protein SIM1
Cluster 3 GO:0031224 Intrinsic to memebrane 3126065 Cell membrane protein YLR413W
3126361 Probable transporter MCH4
3126842 Flavin carrier protein 1
3125015 Putative uncharacterized protein YPR123C
3124222 Phosphate metabolism protein 6
3123111 Putative uncharacterized protein YGR160W
Cluster 4 G0O:0010629 Negative regulation of 3129286 Condensin complex subunit 1
gene expression 3128999 Zinc finger protein RME1
3128680 NAD-dependent deacetylase HST?2
3125675 Transcription factor BAF1

Cluster 1 Cluster 2 Silhouette plot of (x = mc.group, dist = dist(ymc, "euclidean"))

n=367 4 clusters C;
j:njlaverg s
1: 42| 019

~

© 43011

mean expression
0 1
1 1 1
mean expression
0 1
T

-2 -1

-2 -1

5 10 15 20 5 10 15 20 3: 117 | 0.32

time time

Cluster 3 Cluster 4

4: 165 | 0.20

mean expression
0
1

mean expression
0
I

-2 -1

T T T T T 1
T T T 00 02 04 06 08 10
Silhouette width s;

-2 -1

time time
Average silhouette width : 0.22

(a) Mean function in model based clusters (b) Silhouette values for model based clusters

Figure 3.3. Cluster profiles and silhouette values

FWER (family-wise error rate) £+ GPR? A% LML H] AR 59 7|0 ue} xlo]7F & 4= 7]
uj o]t}

B ApolAE &2 $87 2 dolEol thal GPRE Agalo] Auska §2A0) ofe) 217w
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